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Abstract

Researchers have long attempted to teach robots and other embodied artificial
agents to follow instructions, approaching language as the primary medium for
communication, knowledge transfer, and cognition. While toddlers excel at lan-
guage acquisition and utilizing it for problem-solving, robots and voice-based
assistants struggle to achieve a grounded and robust understanding of natu-
ral language due to conversational noise, such as disfluencies and polysemy.
This thesis investigates the limitations in language grounding that currently
hinder the development of intelligent agents to comprehend and execute lin-
gual goals, as well as their capacity to revise misinterpretations arising from
underspecified or ambiguous instructions. We utilize a sparse reward-driven
language-conditioned reinforcement learning setup and leverage insights from
cognitive science and developmental psychology, presented in the following two
pillars.

The first pillar explores the utilization of linguistic feedback and egocentric
speech as mechanisms for learning from unsuccessful outcomes, by implement-
ing a synthetic caretaker that provides feedback when the agent deviates from
the expected course of actions. Unintended deviations may prove beneficial as
alternative goal specifications, potentially satisfying different objectives. For
instance, a robot might be assigned to prepare a cup of tea, but ends up brew-
ing coffee instead, thereby accomplishing an unintended objective, in this case
a different goal. In the case of egocentric speech, our research focuses on devel-
oping a multimodal translation model, designed to generate appropriate goal
specifications based on observed behaviors. The model retrospectively predicts
suitable goal commands that align with the observed actions, used for learning
in hindsight. Both approaches of linguistic feedback and egocentric speech aim
to emulate aspects of language development in young children and significantly
enhance sample efficiency in robotic reinforcement learning.

The second pillar addresses the challenge of action correction, specifically
targeting erroneous behaviors stemming from misinterpretations of goal specifi-
cations. We identify three distinct categories of misunderstanding: ambiguities
arising from underspecified statements, unintentional miscommunications (e.g.,
erroneously conveyed intentions), and discrepancies in common ground between
the instructor and the robotic agent. Instead of learning with a different goal
specification in hindsight, like in the first pillar, we aim to correct the mis-
understanding through further verbal input from the operator. This provides
an additional challenge for the agent, which needs to reconsider the original
language goal given the new context and the returned action correction. By
implementing a novel approach that incorporates the uncertainty about the ac-
tual goal and utilizing our methods from the first pillar, we demonstrate that
egocentric speech significantly improves learning by generating action correc-
tions in hindsight. We highlight this context-sensitive hindsight approach as
the first in this domain to enhance the resolution of misunderstandings.
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Chapter

Introduction

An ongoing challenge in artificial intelligence (AI) research is the development of robots
and intelligent machines capable of acquiring a robust and grounded understanding of
human language (Bischoff and Graefe, 1999; Steels, 2008; Tellex et al., 2020). Natural
language is often ambiguous and highly context dependent, therefore making it to this
date a challenging topic of current research. Recent advancements in conversational Al,
particularly through the use of large language model (LLM) such as ChatGPT (OpenAl,
2023), have substantially accelerated the research progress in language comprehension and
human-machine interaction. The integration of LLMs into robotic systems (Ahn et al.,
2023; Liang et al., 2023) paved a new area of research and created many novel applications.
Those systems appear to bridge the gap between the high-level capabilities of LLMs and
pre-learned motor control of robots. Despite their impressive capabilities, these models still
struggle with fundamental tasks requiring a common understanding of real-world physics
that even young children possess (Baillargeon, 2002). Such models tend to oversimplify
and “hallucinate” ' inaccurate information, revealing gaps and limitations in their current
capabilities. One significant shortcoming is the lack of grounding — a process of learning
language based on additional sensor modalities beyond the language itself, such as visual
and proprioceptive inputs (Steels, 2008; Matuszek et al., 2012; Hill et al., 2021; Xu et al.,
2022). The language without grounding is also described as meaning without reference
(Piantadosi and Hill, 2022), as purely textual systems have never experienced the tangible
significance of words like “hot” or “heavy”.

The language processed by LLMs is inherently compositional. Sentences are composed
of words, which in turn are formed by letters. Altering a single letter can change the
meaning of a word, thereby potentially changing the overall meaning of the sentence. The
meaning of a complex expression, like a sentence, is determined by its parts — the words
and letters — and their specific arrangement. Current LLMs appear to capture syntactic
compositionality, as they seem to comprehend the syntax and the subjects involved in
sentences like “she sneezed the napkin off the table”, as illustrated in Figure 1.1. However,
they cannot make sense of what is happening in the real world, as their meaning of words

'The term “hallucinate” is frequently used in LLM research, though we refrain from anthropomorphiz-
ing such system.



is primarily determined by statistical learning of co-occurrences. These solely textual rep-
resentations can lead to semantically nonsensical results, such as in the aforementioned
hallucinations, highlighting the lack of logical and coherent understanding. This issue ren-
ders these systems as unreliable and makes them appear to treat the grammatical structure
independent of the meaning. The provided explanation hints at missing pieces that en-
able understanding the corresponding real-world implications involved in Figure 1.1. A
solution to this would be a system that captures semantic compositionality. Understand-
ing the meaning at this level requires the integration of information coming from multiple
modalities, adhering to the concept of embodiment (Feldman, 2010; Roder et al., 2021).

Figure 1.1: An illustration depicting the sentence, “she sneezed the napkin off the table”.
Note: The prompt to generate this image required considerable effort in tweaking the text
to make the system DALL-E (Ramesh et al., 2021) — a model designed to generate detailed
visual representations of textual descriptions — successfully produce the desired scene. This
emphasizes the aforementioned limitations of current systems in understanding language
at the level of actual world dynamics.

Researchers attempt to address this limitation by grounding the LLM afterward (Carta
et al., 2023), essentially providing them with “hands and eyes” in the form of a robotic
body (Ahn et al., 2023). However, this approach fundamentally differs from human lan-
guage acquisition (Bisk et al., 2020; Roder et al., 2021), as toddlers can solve problems
without relying on language in the first place (Mandler, 2004). This raises a critical ques-
tion: Can we achieve equivalent language capabilities and meaningful representations if the
grounding of advanced systems like LLMs is addressed as an afterthought? Resolving the
misalignment between internal symbols and external world dynamics remains a persistent
challenge, particularly when dealing with current state-of-the-art models that encompass
a broad spectrum of knowledge (Radford et al., 2018; Devlin et al., 2019; Radford et al.,
2019).

In this thesis, we consider autonomous agents that learn to interact with their world
based on language commands and a guiding feedback signal alone. With this, we provide
a more natural and grounded setup for language learning (Steels and Loetzsch, 2012), and
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unlike language models (Brown et al., 2020), jointly consider language and other sensor in-
puts in a bottom-up fashion. This setting involves embodied nuances being part of natural
language conversations, which we demonstrate with our methods and the corresponding
experiments in later sections. Considering insights from cognitive science and developmen-
tal psychology, we prove that our grounded approaches to human-robot interaction are
crucial for further progress in conversational Al and improved language understanding in
robotics. We showcase a grounded compositional approach to language learning, where the
learner repurposes past unsuccessful experiences by retrospectively translating them into
successful ones. As a surprising core contribution of this work, we present a mechanism to
address the problem of misunderstanding by enabling the learner to “talk to itself”, which
improves resolving misunderstandings significantly.

1.1 Motivation

This section motivates the domain of embodied language learning, building upon our previous
work Roder et al. (2021). It demonstrates how language learning for artificial agents
and robots is fundamentally rooted in research on developmental psychology and cognitive
science. Drawing inspiration from these fields, we identify the essential components and
justify their necessity in addressing the challenges central to this thesis within the field of
language-conditioned reinforcement learning for robotics.

Natural language understanding and generation has been a central focus in machine
learning and robotics for decades (Wermter and Weber, 1997; Bengio et al., 2003; Steels,
2008; Tellex et al., 2011; Narasimhan et al., 2015; Bisk et al., 2016; Shridhar et al., 2022).
Recent breakthroughs with large language models (Devlin et al., 2019; Radford et al.,
2019) have sparked significant interest, leading to novel applications such as the widely
recognized ChatGPT system (OpenAl, 2023).

While LLMs exhibit impressive capabilities in problem-solving, e.g., programming chal-
lenges and reading comprehension tasks, they often struggle to understand the nuanced
complexities of natural language and real-world context. This limitation becomes particu-
larly evident when faced with tasks requiring lateral thinking, such as riddles and puzzles,
where these models may fail to make intuitive leaps necessary for resolution.

However, as the datasets on which the models were trained are not publicly available, it
remains unclear to what extent certain responses are basic lookups versus utilizing knowl-
edge stored in the billions of parameters. A similar question of knowledge storage could be
asked about the human brain, where we have evidence for distributed representations of
language, making it clear that there exist neurons used for multiple purposes, involved in
different kinds of cognitive and bodily processes (Rizzolatti and Arbib, 1998; Pulvermiiller,
2005).

The next-word-prediction objective leading to such capable systems that are able to
solve a wide array of tasks, such as summarization, translation, and classification (Brown
et al., 2020), was unexpected. However, this idea aligns with the hypothesis of many
researchers that intelligence necessitates predictive capabilities by utilizing, for instance,
world models (Schmidhuber, 2010; Hafner et al., 2021; LeCun, 2022). Critics argue that
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LLMs merely replicate the statistical patterns of conversations presented in their training
corpora, earning them the label stochastic parrot (Bender et al.,; 2021). Conversely, some
researchers posit that the language (or token) space of LLMs represents a compressed
version of our real world processes that generated the text (Gurnee and Tegmark, 2024).

Unlike human language development, LLMs are trained exclusively on text. While
recent research has explored incorporating other modalities (Ma et al., 2023), text remains
the primary foundation upon which other modalities build. Despite efforts to address the
lack of multimodal inputs in the LLM training, these models remain passive observers,
unable to interact with the real world. This is, to what we know, also in stark contrast to
language development in humans, which involves active interaction with the environment
to learn and internalize — or literally “grasp” — the language.

Toddlers demonstrate remarkable problem-solving abilities, including dexterous ma-
nipulation, navigation in unfamiliar environments, and sorting of unknown objects. These
skills often surpass the capabilities of most, if not all, current contemporary robotic sys-
tems. Notably, toddlers achieve this without an extensive vocabulary or even the use of
language at all (Mandler, 2004; Roder et al., 2021).

Human language development appears to follow a natural curriculum that initially
focuses on motor skill acquisition, driven largely by intrinsic motivation (Oudeyer et al.,
2007; Schmidhuber, 2010). Language skills emerge later, followed by advanced reasoning
abilities that require hierarchical abstraction (Roder et al., 2021; Eppe et al., 2022). This
developmental trajectory highlights the complex interplay between physical interaction,
language acquisition, and cognitive development in humans (Mandler, 2004).

Language could be viewed as providing the discrete structure for the continuous and
messy real world perceptions. This concept is well illustrated by the act of grasping ob-
jects. There exists a wide spectrum of grasping techniques, ranging from full-handed grips
to delicate fingertip manipulation, and even approaches with both hands. The diversity
of graspable objects further complicates this scenario, as each item may require subtle
variations in handling. However, toddlers demonstrate proficiency in these complex motor
skills before developing advanced linguistic abilities, such as advanced language compre-
hension or generation. Furthermore, Paulus (2014) postulate that infants imitate actions
before they even fully develop language. This observation strongly suggests the presence of
fundamental cognitive and motor capacities upon which language acquisition subsequently
builds (Mandler, 2004).

To develop sophisticated natural language generation capabilities for communication, a
fundamental prerequisite is the ability to comprehend and formulate appropriate responses.
In human language acquisition, the social context plays a crucial role (Gallese, 2008; Achi-
mova et al.; 2022). The learner initially acquires language through exposure to expert
speakers, interpreting their utterances across various situations, and gradually develops
the ability to generate language for communication purposes. This principle also applies
to the first iterations of Generative Pre-trained Transformer (GPT) models (Radford et al.,
2018; Radford et al., 2019; Brown et al., 2020), upon which the successor model Instruct-
GPT (Ouyang et al., 2022) was built. Rather than merely completing text, incorporating
human feedback into the learning process subsequently led to models that were useful for
communicating with users, as demonstrated by Stiennon et al. (2020).
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For ChatGPT, this approach was further refined through a method known as rein-
forcement learning from human feedback (Christiano et al., 2017; OpenAl, 2023). This
technique enables the model to learn about preferences regarding the generated answers
in terms of a reward signal that it needs to maximize. Similar to a child learning, the
model receives an extrinsic reward for answers that improve communication with the hu-
man teachers. The objective is to maximize the conversational reward, which in this case
translates to optimizing user satisfaction. Nevertheless, the model lacks the intrinsic moti-
vation to explore its environment, and unlike learning children, relies heavily on instructor
feedback for improvement.

However, conversational systems like ChatGPT still offer valuable insights into language
processing and generation. Beyond mere word prediction, these systems demonstrate the
role of language as a cognitive tool for imagination, planning, abstraction, and reasoning,
as postulated by Vygotskij (1985). The extensive research on prompting further under-
scores this concept, demonstrating how language generation can be harnessed to emulate
mechanisms analogous to human cognitive processes (Wei et al., 2024). LLMs provide valu-
able high-level task decomposition but lack true understanding, operating more as system
1 completion engines rather than engaging in system 2 thinking (Kahneman, 2011). The
concept of steering language models to produce useful outputs that align with the pro-
grammer’s preferences is akin to how humans learn from external feedback provided by
their caretakers. This reward-driven learning at the core of human development echoes
the essence of reinforcement learning (RL), as outlined by Sutton and Barto (2018). The
integration of humans as caretakers for artificial agents has proven beneficial in robotics
(Christiano et al., 2017; Faulkner et al., 2020) and has been applied to LLMs (Ouyang et
al., 2022). RL has demonstrated success in training intelligent systems to solve challenging
board (Schrittwieser et al., 2020) and video games (Mnih et al., 2015; Vinyals et al., 2019).
Recent advancements have even extended RL to the application of algorithm design (Fawzi
et al., 2022) and datacenter cooling (Luo et al., 2022).

As a trial-and-error approach, RL can be costly and sample inefficient, limiting its use
in many real-world settings. The exploration phase, crucial for RL systems to learn, may
pose risks to physical robots if not executed in a simulation or controlled environment. This
thesis focuses on an end-to-end approach to solving RL tasks in an embodied setup, driven
solely by external reward signals within a simulated environment. While the mechanisms by
which words acquire meaning remain partially unclear (Feldman and Narayanan, 2004; Bisk
et al., 2020; Piantadosi and Hill, 2022), this research aims to investigate essential aspects
of language learning. A promising approach to language learning and the acquisition of its
semantics is the concept of grounding, as proposed by Bisk et al. (2020).

1.2 Symbol Grounding
The following section describes the idea and origin of symbol grounding and highlights its
relevance in the context of robotic language learning considered in this thesis.

The question of how words, symbols, or tokens get their meaning is the topic of symbol
grounding. It states that symbolic representations must be acquired through a bottom-up



learning process, allowing symbols to obtain a meaning internal to the system rather than
being externally assigned. Cognitive scientist Stevan Harnad introduced this as the Symbol
Grounding Problem in Harnad (1990), drawing inspiration from the Chinese Room Argu-
ment. 1t is a thought experiment presented by John Searle in Searle (1980) to refute the
notion of the “strong AI hypothesis”. The argument is designed to show that a computer
executing a program cannot possess a genuine understanding, regardless of how thought-
fully it was designed by humans. In this thought experiment, one imagines a person who
does not comprehend Chinese, situated in a room filled with boxes of Chinese characters
and a rule book in English for manipulating these symbols. The person receives questions
in Chinese through a slot in the door, uses the rule book to match these questions with
appropriate responses, and sends them back through the slot. To an external observer,
it appears that the person inside the room understands Chinese and is responding intel-
ligently. The argument is that the person inside the room does not understand Chinese
at all; they are merely following syntactic rules to manipulate symbols without any gen-
uine comprehension of their meaning. This scenario illustrates that one can program a
computer to simulate understanding without truly understanding. One can now posit that
systems like the aforementioned ChatGPT are similarly acting primarily on the syntactic
level of understanding. A major effort in Al research has been directed towards addressing
this limitation by integrating mechanisms into the models to overcome these constraints.

Grounding refers to the process of acquiring language in conjunction with other sensory
modalities, such as visual and proprioceptive inputs. It involves establishing connec-
tions between internal symbolic representations and direct real-world experiences (Har-
nad, 1990). This process necessitates that symbols — or in our case, words — are not
arbitrarily assigned but follow an attribution with systematicity. Despite the seemingly
chaotic property of real-world sensory information, we can often find structures that can be
appropriately described using language. Human perception operates in a conceptualized
manner (Kiefer and Pulvermiiller, 2012), with the mind naturally organizing information
into categories, like plants, animals, tools, and so on (Rosch, 1978). Rather than dealing
with isolated symbols or words, we utilize sentences as combinations of words arranged in
specific formations. Current machine learning models can acquire language solely through
statistical frequency and co-occurrences analysis alone (Mikolov et al., 2013), highlighting
the unique structural properties of language.

Consider the sentence “The big brown grizzly roars loudly” as illustrated in Figure 1.2.
We argue that a system incapable of visual and auditory perception cannot truly compre-
hend this statement or at least has a vastly different internal representation. Understanding
the visual representation of “big” and the auditory sensation of “loud” is fundamental to
grasping the meaning of these words. Words can be considered as triggers for mental sim-
ulations (Rizzolatti and Arbib, 1998), such as visualizing a large brown bear when hearing
or reading about one. Grounding language extends beyond passive observation and should
encompass the actions executed by an autonomous system. This concept has been rec-
ognized as a crucial component for learning systems, such as robots, and considered by
numerous researchers like Steels, 2008; Cangelosi, 2010; Tellex et al., 2020; Lynch and
Sermanet, 2021 and others (Wermter et al., 2005; Spranger et al., 2014; Heinrich et al.,
2020). Roy (2005) proposes that a first-person perspective of cognitive systems is essential
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»The big brown grizzly roars loudly.« »The big brown grizzly roars loudly.«

Figure 1.2: We illustrate the relevance of other modalities when processing the sentence
“The big brown grizzly roars loudly”. To the left, a text-only model has no access to the
conceptual appearances related to visual and auditory descriptions. It can only make sense
of these on a textual basis. To the right, we illustrate mental concepts that get triggered
by hearing key words, such as “big brown” and “roars loudly”. This figure is taken from
our previous work on embodied crossmodal language learning (Roder et al., 2021).

for establishing connections between sensory data, language, and motor actions. Systems
that rely only on symbolic representations to ground word meanings are inherently limited
and fundamentally different from the author’s suggested approach. The latest iteration of
ChatGPT, incorporating the GPT-4V model for vision capabilities, serves as an illustra-
tive example (OpenAl, 2023). Despite its visual processing, the representations of GPT-4V
still rely on discrete categorical assignments linked to labels, which are ultimately tokens
or words rather than abstract conceptual representations (Confalonieri et al., 2016). In
contrast to digital agents, robotics provides a physical embodiment with low-level sensory
inputs from various modalities, such as touch, vision, and audio. Robots also incorporate
output devices — the actuators — enabling them to manipulate objects and execute bodily
movements. However, robots exhibit diverse morphologies and actuator types, which de-
termine their functional capabilities and operational methods. The field that investigates
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the body as an integral part of intelligence is known as embodied cognition.

1.3 Embodiment

The upcoming section expounds the notion of embodiment and particularly discusses its
relevance to language and communication.

Embodied cognition is a concept that proposes that many features of cognition, such
as thoughts, feelings, and behaviors, are deeply influenced by aspects of the physical body.
It emphasizes the significant influence of the motor and perceptual systems, as well as
the situated body, on the mental state. A recent study by Anderson (2003) suggests
that thinking is a situated activity, highlighting cognition as predominantly influenced by
external factors rather than predominantly internal processes, as previously believed. In
the context of artificial agents, embodiment refers to the emergence of intelligence through
the interplay between the agent’s body, its brain, and the environment, as defined by the
configuration of the sensorimotor loop according to Der and Martius (2011). Consequently,
the resulting behavior is not solely a product of abstract computational processes by the
agent but also deeply influenced through its bodily experiences and interactions with the
environment. Many studies endorse systems that consider this situatedness and the ability
to perceive the physical world in a bottom-up manner (Steels, 2008; Eppe et al., 2022).

In summary, embodied cognition is a phenomenon with various aspects that span sev-
eral disciplines and have many overlaps. Figure 1.3 provides an overview of the topics to be
discussed in the following sections. Cognitive science and cognitive psychology play crucial
roles in understanding embodied cognition. Specifically, we will examine language, per-
ception, decision-making, and social cognition, considering their relevance to our artificial
intelligence setup for robotics.

1.3.1 Embodied Language

The concept of embodiment plays a major role in the acquisition and comprehension of
language. Language appears to be intertwined with various sensory systems. Research by
Pulvermiller (2005) and Fischer and Zwaan (2008) demonstrates its active engagement
with the motor system. Recent studies suggest that language understanding involves in-
ternal simulations facilitated by mirror neurons (Fischer and Zwaan, 2008; Gallese, 2008).
Investigations in neuroscience have revealed motor neuron activation when individuals
perceive action-related words such as grasping or jumping (Rizzolatti and Arbib, 1998;
Feldman and Narayanan, 2004). This interconnection is further exemplified by the collo-
quial expression “to grasp something”, often used to describe the process of understanding
language or comprehending written text (Jirak et al., 2010). These insights offer an alter-
native perspective on it, suggesting that language need not always be abstract, particularly
when words refer to concrete real-world experiences. Recent works on embodied language
learning with artificial agents demonstrate the impact of acquiring language alongside sen-
sorimotor experiences (Steels and Loetzsch, 2012; Spranger et al., 2014). More recent
investigations (Chaplot et al., 2018; Narasimhan et al., 2018; Hill et al., 2020; Hill et al.,
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Figure 1.3: Embodied cognition and its connections to other research fields. The group-
ing of Decision Making, Artificial Intelligence, and Action could be related to the field of
robotics and reinforcement learning (Sutton and Barto, 2018), whereas Perception, Cog-
nitive Psychology, and Cognitive Science in this thesis could be assigned to the field of
developmental psychology and developmental robotics (Cangelosi and Schlesinger, 2015;
Eppe et al., 2021). Language and Social Cognition (Mead et al., 2000) have special roles in
this thesis, as they define the means of goal communication and what the reward actually
corresponds to.

2021) highlight methods for grounding language in an end-to-end reinforcement learning
setting, driven solely by an extrinsic reward signal. However, these reinforcement learn-
ing approaches typically involve a situated agent within an environment, perceiving the
world from a first-person perspective and observing language and objects in conjunction
with the reward signal that facilitates grounding. Current limitations of these approaches
include the necessity for millions of learning steps, resulting in substantial training time
and high computational costs. The work of Colas et al. (2020) and Akakzia et al. (2021)
indicates that incorporating social factors, such as the presence of a teacher to assist, can
significantly enhance the learning process, particularly in scenarios involving human in-
teraction. Nevertheless, setups involving human participation are often cumbersome and
challenging to scale. Moreover, providing language feedback can be problematic in cer-
tain situations, especially when evaluating the current context is difficult. For instance,
consider the complexity of a human providing language feedback for a robot attempting a
complex motion like a backflip, which is challenging to explain due to the morphological
and actuator differences between humans and robots. This noisiness of natural language



needs to be accompanied by sensor experiences that not all robotic applications consider.
Consequently, current Al research is facing limitations by disregarding the factors of em-
bodiment, hindering effective communication between humans and robots.

1.3.2 Embodied Communication

Human communication encompasses both verbal interactions through speech and nonver-
bal elements like gestures, facial expressions, and body language (Tsironi et al., 2017).
The nonverbal components especially play a significant role in human-to-human commu-
nication and necessitate the presence of a physical body. Recent work in human-robot
interaction suggests that even tiny additions, like a robot mimicking facial expressions
with simple LED lights (Kerzel et al., 2017), improve the trustworthiness and atmosphere
of the interaction.

Natural language is inherently embodied and grounded in sensorimotor representations,
functioning as an integral part of human cognition (Vygotskij, 1985) and plays a major
role in social cognition (Mead et al., 2000) (see Figure 1.3). It is often characterized by the
appearance of disfluency, polysemy, and ambiguity. A current challenge of contemporary
research is to address this linguistic noisiness through methods that account for uncer-
tainties in communication and techniques to query additional information. A real-world
example of this challenge is the mental continuation of a conversation that occurred in
the past. One might recall a friend discussing recent news events, which raised numerous
unanswered questions while listening. Upon reading the newspaper later, and acquiring
updated information related to the past conversation, one can still reference moments from
that discussion, resolve misunderstandings, and gain a clearer comprehension of what was
said afterward. A more common approach, much more related to the work presented in
this dissertation, is to address communication uncertainties in real-time (Shi et al., 2024),
while the interaction takes place.

In the work of Clark and Brennan (1991), the authors propose that human-to-human
communication continually establishes a shared understanding of beliefs, knowledge, and
assumptions among participants. As this process requires a mutual interaction, it can be
viewed as a group activity (Clark and Brennan, 1991). However, this differs from what
current systems like ChatGPT provide, as these lack a real intent and respond passively
to user inputs. Communication scenarios may also involve participants where one only
responds nonverbally through physical actions, a common occurrence in human-robot in-
teraction. The absence of natural language generation does not necessarily simplify the
task; it remains comparably challenging, as the robot must still interpret its actions in
relation to the human’s utterances. For agents to effectively understand and generate
natural language, they must develop rich representations that go beyond purely linguis-
tic information. These representations should encompass both sensory information and
environmental context, pointing to the importance of multimodal approaches (Roder et
al., 2021) that consider both the physical environment and broader situational context in
which communication occurs (Bisk et al.; 2020). An illustrative example is the sensory
input of an image in the context of the utterance “hand me the fruit”. If no fruit is visible
to the agent, an appropriate response would be to initiate a search routine by moving the
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camera around. This needs to be considered by the operator when instructing the robotic
agent and necessitates a unified common conceptual view of the world, shaped by similar
multimodal representations for successful communication.

To further elucidate the necessity of embodied communication in Al and robotics,
consider the expressions “seeing the world through rose-colored glasses” or “light at the
end of the tunnel”. The first metaphorical phrase conveys optimism or a tendency to view
things in a positive light, blending the physical act of seeing with the symbolic meaning
of rose-colored glasses. The second metaphor, while not referencing physical light or a
literal tunnel, symbolizes hope and the possibility of emerging from difficulty. For humans,
deciphering these metaphors involves comprehending both the literal meanings of words
and their symbolic significance within a varying context (Feldman and Narayanan, 2004).
This process may involve the subconscious visualization of reaching the light at the end
of the tunnel while simultaneously considering the literal implications of a tunnel’s length
and darkness, as well as the light’s role as an exit. However, for Al-based systems, deciding
whether to interpret these phrases literally or metaphorically — such as contextualizing the
act of seeing and colored glasses within the notion of optimism, or associating the light and
tunnels with the concept of emergence — remains an unresolved challenge. In human-robot
interactions, it is a critical feature to detect when systems fail to understand, rather than
producing confidently incorrect responses or, in the worst case, applying unintended real
world changes that could cause harm.

Various approaches exist for implementing verbal and physical conversational interac-
tions in this domain. Many of these conversations in human-robot interaction are facil-
itated through dialog systems (Weston, 2016), which have traditionally been unimodal,
with current research efforts focused on expanding their multimodal capabilities (Li et al.,
2020b). However, these systems typically do not incorporate low-level physical interactions
within simulated or real environments, and often prioritize the application over bottom-up
learning approaches. Alternative embodied conversational setups are implemented using
RL (Luketina et al., 2019; Colas et al., 2020; Akakzia et al., 2021) or related approaches,
such as imitation learning (Lynch and Sermanet, 2021; Mees et al.; 2022). In this the-
sis, we focus on a setup where we equally represent the sensorimotor experiences and the
language, facilitating the emergence of a multimodal representation for solving physical
decision-making tasks based on external reward signals.

1.4 Developmental Approach

The following section highlights two robotic learning approaches that utilize the notion of
embodiment for effective language grounding, as outlined in Roder et al. (2021).

In our review on embodied language grounding (Roder et al., 2021), we highlight the
developmental stages of humans and draw parallels with current robotics reinforcement
learning systems. Analogous to toddlers, robots and intelligent agents must leverage lan-
guage as a cognitive tool to improve their capabilities regarding planning, reasoning, ab-
straction, and imagination (Mirolli and Parisi, 2011). Unlike current Al research, human
development could be distinctly separated into two phases: skill learning and language
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learning. A large part of infant learning happens independently of language utilization.
The vast amount of sensory experiences is subsequently grounded and associated with
corresponding concepts from the sensorimotor skill-learning phase (Mandler, 2004). One
could posit that language provides a discrete structure to the continuous and complex
world of sensorimotor signals, thus serving as a tool for conceptual organization (Waxman
and Markow, 1995). A central notion to skill acquisition is the role of play (Vygotsky,
1967). Play is usually driven by intrinsic motivation (Oudeyer et al., 2007), wherein chil-
dren come up with their own objectives and goals, exploring phenomena that diverge from
their preexisting beliefs.

In our review (Roder et al., 2021), we discovered that current research already provides
the necessary components for implementing the first (Eysenbach et al., 2019; Lynch et al.,
2020) and the second phase (Hanjie et al., 2021; Hill et al., 2021). However, only a limited
number of approaches (Lynch and Sermanet, 2021; Akakzia et al., 2021) combine them
jointly as suggested by research on language development (Cangelosi, 2010). Currently,
Al systems take a different approach to language learning, by first leveraging vast textual
datasets and exploiting the efficiency of scaling compute (Devlin et al., 2019; Brown et al.,
2020), following the notion prescribed in The Bitter Lesson by Richard Sutton?”.

Nevertheless, employing a training methodology that significantly deviates from our
understanding of human language development still results in systems with inherent lim-
itations. A major difficulty arises from the lack of grounding that shows up with a weak
connection between the language and the sensor space. This deficiency leads to constraints
in comprehending physical properties and real-world phenomena. Recent research endeav-
ors to address this shortcoming by attempting to retrospectively ground these models
(Ahn et al., 2023; Carta et al., 2023). In the following two paragraphs, we highlight two
approaches presented in Roder et al. (2021) that follow the proposed curriculum.

First Approach Akakzia et al. (2021) present the Language-Goal-Behavior (LGB) ar-
chitecture that addresses the autonomous acquisition of repertoires of skills in a reinforce-
ment learning setup. Their LGB approach implements an autonomous learning routine
by decoupling skill learning (goals to behaviors) from the language grounding (language
to goals). In the initial exploration phase, the learning is driven by intrinsic motivation
to build up essential skills for manipulating objects following self-generated goals. A pre-
defined semantic representation with binary predicates (e.g., A above B, B close to C) is
employed to indicate the presence or absence of specific properties and spatial relations
among three objects on a table. The agent is rewarded for discovering as many of those
semantic goal configurations as possible, especially those with a high learning progress,
enabling it to build up a variety of skills. The second phase actually has two parts.
First it focuses on language grounding, where the social partner provides descriptions of
what changes the agents caused to the world state. This allows learning a mapping from
language instructions to behaviors and their corresponding semantic goal configurations,
with the possibility to learn multiple semantic goals for a single language goal. Secondly,
the instruction-following phase jointly considers competences from the skill learning phase

2Visited March 1, 2024, from http://www.incompleteideas.net/IncIdeas/BitterLesson.html.
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and the language grounding phase, where the learner is rewarded achieving proposed goal
instructions. Their method, inspired by the pre-verbal goal-directed behavior of infants
(Mandler, 2004), demonstrates the capacity for autonomous exploration and mastery of
spatial configurations through binary predicates. This approach simplifies learning and
open-ended skill acquisition, but also constrains the system to a fixed set of objects due to
the necessity of predefined semantic representations, which require domain-specific knowl-
edge. Consequently, the scalability to more than three objects is limited, while they bypass
a fundamental aspect of language acquisition: the process of transforming continuous, pos-
sibly noisy, sensory inputs into discrete, symbolic representations of words and concepts.

Second Approach In the work of Lynch and Sermanet (2021), the authors employ an
imitation learning approach based on data generated through unstructured play. To collect
the dataset, human operators remotely controlled a robot without a specific task provided.
Naturally, the operators exhibited curiosity, exploring the table setting by opening the
cabinet and manipulating objects. As their intrinsic motivation decreased, they displayed
signs of boredom, resulting in seemingly arbitrary actions that nonetheless generated use-
ful data samples. The collected dataset, comprising 7 hours of robot teleoperation, was
subsequently split into windows lasting a few seconds, with the initial frame represent-
ing the starting state and the final frame depicting the achieved goal state. The robot
was then trained to replicate the behaviors by learning to achieve the visual goal states,
starting from the initial window frame, concluding the skill learning phase. Their archi-
tectural design incorporates a novel approach to goal representations: goal images are
mapped to a latent space that encodes specific goal-conditioned behaviors, so-called latent
plans. For instance, opening the cabinet and opening the door are goals represented by
very similar latent plans. The next phase exploits the latent representations by learning
their corresponding language-conditioned behaviors. For this, the authors employed Ama-
zon Mechanical Turk workers to annotate the windows with language afterward. Some
windows captured interesting exploratory behaviors with matching instructions like “open
the cabinet”, while others reflected more mundane actions describable as “do mothing”.
Remarkably, annotating less than 1% of the play dataset proved sufficient for the agent to
comprehend and successfully follow language instructions. The following training process
incorporates samples that provided both visual and language goals. Subsequently, Lynch
and Sermanet (2021) demonstrate that by masking the visual goals and only retaining the
language goal, the system could extrapolate to novel situations. The structure of the latent
space enables the agent to effectively map both modalities to a shared representation, en-
abling the few language examples to exploit the structure resulting from the training on the
rich visual play dataset. Although their method requires additional human effort for col-
lecting the dataset and providing language annotations retrospectively, we posit that these
steps could potentially be replaced by purely reward-driven approaches from reinforcement
learning.
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Takeaway The two discussed RL approaches (Akakzia et al., 2021; Lynch and Sermanet,
2021) present vastly different implementations of the two phases, skill learning and lan-
guage grounding. We anticipate future work to address their limitations regarding the
human annotation labor and the hand-engineered semantic representations. While numer-
ous additional approaches to learning these two phases exist, to the best of our knowledge
in Roder et al. (2021), none replicated them as closely as the aforementioned works. In
Figure 1.4, we illustrate the different components of skill learning and language grounding,
demonstrating how they could be implemented by current RL approaches.

Existing works already provide advanced techniques to replicate the phases. Especially
for skill learning, numerous approaches simulate the play phase through intrinsic rewards,
which could be derived from prediction errors (Oudeyer et al.; 2007; Roder et al., 2020) or
information-theoretic measures such as the mutual information (Eysenbach et al., 2019)
or the entropy (Haarnoja et al., 2018). Additional methods to enhance skill learning and
replicate human cognition include those utilizing learned world models (Ha and Schmidhu-
ber, 2018; Hafner et al., 2021) to accelerate the learning via mental simulations, as depicted
in Figure 1.5.

While human development is largely driven by self-supervised exploration, it also incor-
porates imitation learning. Related works in this domain of learning from demonstrations
are also referred to as behavior cloning (Nair et al., 2018a) and associated with offline
reinforcement learning (Chen et al., 2021a).

Colas et al. (2022) present the holistic approach of autotelic agents, integrating intrin-
sically motivated exploration (Colas et al., 2019; Roder et al., 2020) with the ability to set
their own goals (Colas et al., 2020). With autotelic agents, Colas et al. (2022) introduce
the concept of a social partner into the syllabus, which communicates with the learner by
providing language descriptions for observed behaviors (Colas et al., 2020; Roder et al.,
2022) or instructs the agent to follow assignments.

In summary, the developmental trajectory of toddlers involves a pre-verbal phase mainly
driven by intrinsic motivation and exploration for skill acquisition, prior to the active use
of language. Consequently, language grounding takes place after the skill learning phase
(Mandler, 2004). However, it is worth noting that these phases may unfold simultaneously
or through a gradual transition. This thesis will not implement the entire framework
outlined in this section and as detailed in our corresponding publication (Roder et al.,
2021). Instead, it considers the relevant aspects of instruction-following by focusing on the
relevant parts of early word learning (Plunkett et al., 1992; Hill et al., 2019) as a basis and
motivation for our work on improving language grounding in the context of reinforcement
learning.
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Figure 1.4: The figure illustrates learning approaches, contrasting the phases of skill acqui-
sition (left) and language grounding (right). In the skill learning phase, image a) depicts
learning driven by intrinsic motivation, characterized by play and self-generated goal-
setting. Image b) showcases learning influenced by external factors, such as caregiver
imitation (Paulus, 2014) and supervision. In the language grounding phase, image c¢) rep-
resents the agent learning from external feedback resulting in outcomes based on intrinsic
factors. Image d) exemplifies instruction following, wherein the agent aims to follow an
instructor’s commands to obtain a reward. — Figure adapted from Roder et al. (2021).
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Figure 1.5: The figure illustrates the idea of mental simulation. Harnessing its world
model, the agent mentally pictures itself executing the instruction uttered by the caretaker.
However, predictions are limited in terms of their accuracy with respect to the number of
steps, visualized by the increasing transparency of the blue cube and hand. — Figure
adapted from Roder et al. (2021).
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1.5 Research Objectives

Human-to-human communication is full of misunderstandings, such as ambiguities, lapsus
linguae’®, imprecise statements, and a lack of common ground among the participants.
Natural language conversations require constantly resolving such disturbances to ensure
robust communication for conveying the intended information. This resolution process is
crucial not only for verbal exchanges, but also for addressing the consequences previous
utterances had on the world state. For instance, a waiter serving a wrong drink not only
takes into account the feedback that rectifies the misunderstood order but also replaces
the incorrectly placed item by removing it from the table.

In this thesis, we explore the interplay between perception, language, and action, adopt-
ing an embodied setting for communication, in contrast to prior text-only approaches,
simulating it as a verbal/nonverbal dialog. For this, we employ the concept of language-
conditioned reinforcement learning to ground language based on sparse rewards. We im-
plement a synthetic caretaker that instructs the learner to solve tasks, but also offers hints
for learning in hindsight. In cases of failure, the teacher provides feedback to resolve issues
caused by misunderstandings. Central to our solutions are the concepts of expert feedback
and self-speech inspired by the preceding sections on language development that are crucial
to improving the sample efficiency of current RL methods.

Consequently, this thesis addresses the following research questions (RQ):

RQ 1 To what degree can language grounding in robotics reinforcement learning
tasks be exclusively modeled through sparse rewards?

RQ 2 How can insights from developmental science enhance language grounding
and learning efficiency in intelligent robotic agents?

RQ 3 Is it feasible to develop a robust, embodied conversational human-robot in-
teraction model that functions as a standardized benchmark for assessing and
quantifying misunderstandings?

RQ 4 How can insights from cognitive science and developmental psychology be
leveraged to improve a reinforcement learning approach for resolving misun-
derstandings?

3lapsus linguae is Latin and literally translates to “slip or fault of tongue”
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1.6 Summary of source code

* The algorithms in Roder et al. (2022) are part of the repository at: https://github.
com/frankroeder/hipss.git

* All the other algorithms can be found at: https://github.com/frankroeder/
language-conditioned-rl.git

* The LANRO environment used for all of the experiments can be found at: https:
//github.com/frankroeder/lanro-gym.git

* The software suite Scilab-RL (Benad et al., 2025) is available at: https://scilab-rl.
github.io/Scilab-RL/

1.7 Short Outline

The structure of this thesis is organized as follows: Chapter 2 provides the background,
including the essential technical and mathematical preliminaries necessary to understand
the topics of this dissertation. In Chapter 3, we provide additional information on natural
language processing and introduce the basics of language in robotics reinforcement learn-
ing. Next, we present our novel benchmark for language grounding along with baseline
results. In Chapter 4, we propose our first pillar of contributions, detailing an expert-driven
and egocentric speech mechanism for learning from failures, that we demonstrate to be a
sample efficient addition for language grounding. Chapter 5 expands on our benchmark by
presenting the action correction setup for conversational misunderstandings and empirical
results for our methods. This includes an approach incorporating uncertainty into the
return estimation, as well as the application of methods developed in Chapter 4. Finally,
Chapter 6 summarizes our contributions by answering the proposed research questions in
a structured manner (see Section 1.5), highlighting limitations and suggesting directions
for future research.

1.8 Main Results and Outline

This extended outline serves as a concise summary of the thesis, providing an overview of
the research agenda and the key findings. Our methods along with the core contributions
are summarized in Table 1.1.

In Chapter 2, we present the essential technical and mathematical foundations necessary
to introduce the core concepts of deep learning (Goodfellow et al., 2016) and reinforcement
learning (Sutton and Barto, 2018), as required for the deep reinforcement learning context
of this thesis (Achiam, 2018). In addition, we define a special variant of the Markov decision
process (Bellman, 1957) that incorporates goal representations (Kaelbling, 1993), specifi-
cally in the form of language instructions (Luketina et al.; 2019). These language-based
goals describe the tasks the robotic agent must complete to obtain rewards. Following this,
we provide a comprehensive description of our primary reinforcement learning algorithm
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Soft Actor-Critic (SAC) (Haarnoja et al., 2018), which is employed in various algorithmic
adaptations throughout this thesis.

Language Grounding in Reinforcement Learning

In Chapter 3, we introduce the natural language processing (NLP) concepts necessary for
our language-conditioned RL setting, a special case of goal-conditioned RL that has been
extensively explored in numerous recent works (Andrychowicz et al., 2017; Plappert et al.,
2018; Nair et al., 2018b; Eppe et al., 2019; Roder et al., 2020; McCallum et al., 2023). We
then extend the previously discussed SAC algorithm to a language-conditioned variant,
referred to as Language-Conditioned Soft Actor-Critic (LCSAC). This extension focuses
on processing language inputs, represented as sequences of words wq, ws, ..., wy, to obtain
meaningful representations for the actor (policy) and critic (Q-function), both implemented
using deep neural networks (Goodfellow et al., 2016). To achieve this, we adopt widely
used techniques for encoding word sequences into vector representations, following prior
work (Hermann et al., 2017; Hill et al., 2021). These include language encoders based on
multilayer perceptrons (MLPs), gated recurrent units (Cho et al., 2014, GRU), and the
self-attention mechanism (Bahdanau et al.; 2015; Vaswani et al., 2017), as described in
Subsection 3.2.3.

At the conclusion of Chapter 3, in Section 3.5, we present an extensive empirical study,
comparing different approaches to language-based goal representations resulting from the
aforementioned language encoders. The analysis in Section 3.5 highlights their relative
strengths and weaknesses across diverse task settings.

Main outcome 1 As first outcome of Chapter 3, we present our language-conditioned
robotics environment LANRO (Roder et al., 2022). It is a novel robotic learning environ-
ment that supports a variety of reaching, pushing, grasping, and lifting tasks for language
grounding based on sparse rewards (see Section 3.4). Built as an extension of panda-gym
(Gallouédec et al., 2021), it has been adopted by follow-up research such as Sejnova et
al. (2024) and our own work Roder and Eppe (2022), as an indicator for being a useful
testbed. In Figure 1.6, we provide an illustration of the environment and the simulated
Franka Emika Panda robot (Haddadin et al., 2022). The example scene depicts three cubes
on a table, arranged from left to right in cyan, purple, and orange. The agent might, for
instance, be instructed to manipulate the orange cube, for which it would receive a reward.

LANRO provides language goals to guide the robotic agent, which is controlled through
inverse kinematics derived from relative positional changes to the agent’s end-effector. To
generate instructions, we employ a semantic grammar description, that is inherent to the
environment and influences the reward function that regards the properties of the goal
object mentioned in the language goal. The grammar follows the Backus-Naur form shown
in Figure 3.17 and adheres to the following sentence structure:

<verb><article><property 1><property 2>
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Figure 1.6: A visualization of our LANRO environment with the robot facing 3 different
colored cubes.

To ensure natural readability, the property order reflects conventional language patterns
(e.g., “red cube” instead of “cube red”). To the best of our knowledge, LANRO provides
the only setup that supports tabula rasa language grounding in a physically realistic robotic
RL setting using sparse rewards (Roder et al., 2022; Roder and Eppe, 2022). While rely-
ing on a simplified language for instruction generation, similar to Chevalier-Boisvert et al.
(2019), no additional assumptions are made about the underlying language representation
(Akakzia et al., 2021). LANRO distinguishes itself as a unique environment within the
robotic RL domain by offering both continuous state-based and pixel-based observations,
continuous joint control, and design principles inspired by other language-grounding bench-
marks (Hermann et al., 2017; Chevalier-Boisvert et al., 2019; Hill et al., 2021). Throughout
the remainder of this work, we adopt the perspective of a synthetic caretaker (Colas et al.,
2020; Akakzia et al., 2021), which provides both task instructions and feedback to the
agent.

We propose a reinforcement learning benchmark for language grounding in continuous
state and action spaces, designed around sparse rewards. To the best of our knowledge,
LANRO is the only benchmark that provides raw state inputs and language goals for
end-to-end learning, without imposing additional assumptions on the representation of the
input data.

20



Main outcome 2 In Chapter 3, we present a second key outcome based on the Language-
Conditioned Soft Actor-Critic (LCSAC)" algorithm and the LANRQO environment. Specif-
ically, we provide initial results demonstrating the agent’s ability to solve the outlined tasks
with objects of varying properties. This experimental setting offers an end-to-end frame-
work for language-conditioned reinforcement learning, comparable to the work of Akakzia
et al. (2021), but distinguishes itself by enabling the agent to ground language from the
bottom up, without relying on prior knowledge or manual feature engineering (Colas et
al., 2020; Akakzia et al., 2021). To this end, we analyze the impact of different language
encoders on the task success rate, as illustrated in Figure 1.7. Each experimental setting
includes three potential goal objects whose appearances are extended through variations
in color, shape, or weight, depending on the task instructions. This design necessitates for
certain properties, such as the weight and shape, the agent to interact with the objects
to identify the target object, thereby emphasizing the role of embodiment in the agent’s
decision-making process. We evaluate the agent’s performance via the success rate (ratio
of successful episodes achieving the goal, y-axis) across a selection of tasks: reach, push,
grasp, and [ift. For each task, a training budget of 100 million (1e8) environment steps is
allocated, reflecting the high sample complexity required for language grounding in sparse
reward settings.

The results indicate that the encoders provide very similar results across all the settings.
However, in certain cases, such as Figures 1.7a and 1.7b, the MLP outperforms the other
encoders. Additionally, the self-attention approach demonstrates to be slightly faster in the
early stages of the task in Figure 1.7¢, while the GRU reaches the highest success value.
For the lift task in Figure 1.7d, both the MLP and the GRU show equal performance,
whereas the GRU is the method capable of processing the instruction with awareness of
word order.

We provide initial results for our language-conditioned RL benchmark LANRO, along-
side an analysis of various instruction encoding techniques evaluated in different task set-
tings. The results of our basis algorithm LCDroQ validates the environmental setup and
confirms the sample complexity inherent to language grounding using sparse rewards.

“In all the following cases, LCSAC is replaced by Language-Conditioned DroQ (LCDroQ), an extension
introduced in the later Subsection 5.5.2
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Figure 1.7: Main outcome of Chapter 3 with 4 hand-selected experiments. The figure
compares the success rate (y-axis) to the number of environment steps (x-axis) for different
types of language encoders, including the multilayer perceptron (mlp), gated-recurrent unit
(gru) (Cho et al., 2014), and the scaled dot-product attention (Vaswani et al., 2017) (see
Subsection 3.2.3 for more details). Enlisted are the plots for the reach, push, grasp, and
lift tasks. Each of them involves three objects and varies in difficulty regarding their
object attributes, such as the color, shape, and weight, and the requested behavior itself.
We report the mean success rate along with the 90% confidence interval (shaded area),
calculated across 3 random seeds.

Hindsight Language Grounding

Chapter 4 describes the implementation of the first pillar, which replicates the concept
of language learning guided by caretaker feedback and egocentric speech. This approach
draws inspiration from the mechanisms of human development discussed in Chapter 1.
The expert instruction paradigm, introduced in Section 1.4, emphasizes the critical role
of close interaction between a caretaker and a learner in facilitating language grounding
(Akakzia et al., 2021). Within this framework, the caretaker provides feedback based
on goal-oriented behavioral outcomes. Building on this idea, we propose an architecture
that emulates the role of egocentric speech observed during the early stages of children’s
language development (Vygotskij, 1985; Mandler, 2004). Instead of relying on explicit
expert-provided instructions, the agent engages in a self-directed learning process by “talk-
ing to itself”. This self-directed learning involves generating retrospective goal instructions
independently for the purpose of hindsight learning. Specifically, the model assigns a goal
instruction g, to an experienced state trajectory 7, formulated as p(g, | 75). Unlike ex-
pert feedback, which is generally flawless, instructions derived from egocentric speech are
initially imperfect, as the self-speech model is trained concurrently with the policy.

Much like how young children narrate their actions while their language skills are still
developing, the agent’s self-generated language may include syntactic errors. These imper-
fections are incorporated into the self-speech mechanism, introducing noise to the hindsight
learning replay process. This induced epistemic uncertainty has been shown to enhance
robustness, ultimately improving the agent’s overall learning performance (Cideron et al.,
2020; Roder et al., 2022).

22



Main outcome 3 In our work Roder et al. (2022), we propose Hindsight Expert In-
struction Replay (HEIR), a method that leverages the tight interplay between a learner
and a caretaker. Drawing inspiration from interactive RL (Cruz et al., 2015; Nguyen et
al., 2021), we task the learner with solving an objective defined by a linguistic goal while
receiving optional verbal feedback. If the learner fails to follow a given instruction, the
caretaker provides a suitable hindsight instruction, enabling the agent to retrospectively
learn from the outcome (Jiang et al., 2019; Colas et al., 2020). The fundamental principle
underlying this approach is to reinterpret an observed outcome by associating it with an
alternative goal distinct from the original one. As illustrated in Figure 1.8, this approach
demonstrates how expert feedback can be effectively employed in our RL setting as the
agent is autonomously collecting experiences (Akakzia et al., 2021).

)

7T~ You handed
k’/ \\\ the red apple.
hindsight
M ‘ expert 6
Caretaker Agent feedback

Figure 1.8: We illustrate the procedure of receiving the expert feedback, upon triggering
an outcome to which a hindsight language goal such as “Hand the red apple” matches.

In the goal-conditioned off-policy setting, analogous to Hindsight Experience Replay
(HER) (Andrychowicz et al., 2017), episodes are relabeled using expert feedback, substi-
tuting the original goal instructions that led to an unsuccessful outcome with a suitable
hindsight instruction that has been achieved. A limitation of this method, presented in
Roder et al. (2022), is the impact of hindsight bias (Bai et al., 2021), which arises from a
mismatch in the likelihood of trajectories generated under the original goal g, and those
conditioned on the hindsight goal ¢, expressed as p(7 | g¢) # p(7 | g;) when 7 ~ 7. In
essence, Bai et al. (2021) highlighted the erroneous assumption that the hindsight goal
would result in similar behavior, which can adversely affect learning. This issue is particu-
larly significant for suboptimal policies, as the trajectory distribution for certain goals can
vary considerably. We addressed this issue of our previous publication (Roder et al., 2022)
by restricting the number of hindsight samples during experience replay to mitigate the
effects of hindsight bias, recognizing that a poorly trained policy behaves almost randomly
in the early stages of training and rarely follows the proposed goal instructions. The up-
dated results, presented in this thesis and depicted in Figure 1.9, include a range of tasks
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with variations in object properties, highlighting the superior performance of LCDroQ
when combined with the HEIR replay strategy, which significantly surpasses the base
version LCDroQ. Furthermore, we provide results from a multitask setting that combines
the reach and the push tasks, as well as results for the reach task with variations in object
colors and shapes. In the scenario shown in Figure 1.9d, LCDroQ+HEIR achieves a
success rate three times that of LCDroQ), effectively addressing object confusion in cases
with the most complex color-shape combinations, where distinguishing object properties
presents the greatest challenge.
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(a) Multi3 Easy (b) Reach3 Color (c¢) Reach3 Shape (d) Reach3 ColorShape

LCDroQ  =:: LCDroQ+HEIR

Figure 1.9: We depict a selection of experiments showing the advantage of incorporat-
ing the HEIR approach into the base algorithm LCDroQ. As shown in Figure 1.9d,
LCDroQ+HEIR outperforms LCDroQ by a factor of 3. The plots show the mean suc-
cess rate along with the 90% confidence interval as a shaded region on the y-axis, as well
as the episode timesteps along the x-axis. Each line represents the results averaged over 5
random seeds.

Our expert feedback approach, HEIR, provides an optimal setting for hindsight instruc-
tion replay. By addressing hindsight bias through a simple replay limit, HEIR improves
sample efficiency compared to our basis LCDroQ. This is emphasized by the success rate
improvement of up to a factor of 3.
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Main outcome 4 A significant portion of human language learning occurs in an unsu-
pervised or self-supervised manner (Vygotsky, 1967). Once toddlers begin communicating
verbally, they are often observed narrating their own play, commenting on what they are
currently doing and what they are about to do. This phenomenon is referred to as self-
narrating or egocentric speech (Piaget, 1926; Vygotskij, 1985). Building on this concept,
we propose Hindsight Instruction Prediction from State Sequences (HIPSS). We implement
the mechanism of egocentric speech using a well-established sequence-to-sequence model
approach (Sutskever et al., 2014; Cho et al., 2014), in combination with HIPSS, as well
as the Transformer encoder-decoder architecture (Vaswani et al.; 2017), resulting in our
implementation Transformer-based Hindsight Instruction Prediction from State Sequences
(THIPSS). Both models process a trajectory of states 7, = s1, S, ... s, to generate corre-
sponding instructions describing them. This is accomplished by encoding the states into
an intermediate representation known as the context, which captures an abstract under-
standing of the agent’s goal-directed behavior and the changes in the world. This context
is subsequently passed to a decoder that generates the hindsight goal g,. The overall

procedure is illustrated in Figure 1.10.

Figure 1.10: This figure illustrates the concept of a sequence-to-sequence model (Sutskever
et al., 2014), applied in our setting as a replay mechanism that translates a trajectory into
a corresponding language goal, thereby implementing egocentric speech.

Sequence of states Word predictions

80,81,...,8 —>» Encoder W1, W2,y ..., Wi

To train this mapping function, we utilize successful episodes generated by the learning
policy, storing the state trajectories and their corresponding instructions in a dataset for su-
pervised learning. Since we only include rewarding behavior-language pairs autonomously
harvested by the agent without the assistance of the caretaker, this approach can be cate-
gorized as either unsupervised or self-supervised learning. Our method is inspired by the
work on Hindsight Generation for Experience Replay (HIGhER) (Cideron et al., 2020).
However, HIPSS represents the first model of this kind to function within continuous
action and state spaces, taking sequences as inputs to capture complex temporal behav-
iors. Additionally, it is an open-source implementation published in our work Roder et al.
(2022), addressing the limitations identified in Cideron et al. (2020). Similar to human
development, and unlike the expert feedback approach employed by HEIR, this framework
does not require perfect language generation right from the start. In language develop-
ment, egocentric speech often includes made-up words or reflects an immature vocabulary.
In our implementation, incorrect predictions are also present and, as a side effect, enhance
learning performance and robustness by introducing noise into the training process. Unlike
traditional language modeling (Bengio et al., 2003; Brown et al., 2020), HIPSS provides a
grounded approach to language generation based on the agent’s sensory inputs. Following
Mandler’s (2004) notion of “thought before language”, the agent first learns to perform
goal-directed behaviors and subsequently grounds language in hindsight. HIPSS might
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develop something similar to semantic compositionality (Feldman, 2010) by translating
physical behavior patterns into meaningful language descriptions, surpassing the syntactic
compositionality of unimodal text models that lack grounding. In that regard, we highlight
results on the systematic compositionality of HIPSS and THIPSS in an additional set
of supervised experiments shown in Subsection 4.9.5, where the models successfully assign
language instructions to novel situations not encountered during training.
For the RL part, the results in Figure 1.11 compare our egocentric speech approaches to
HEIR and LCDroQ. We highlight the methods across a selection of tasks with different
colors and shapes (see Subsection 3.4.1 for additional details). In the reach task with an
extended range of colors and shapes (see Figure 1.11a), the basis algorithm LCDroQ per-
forms the worst (success rate of roughly 0.3), while LCDroQ with the hindsight replay
extension THIPSS achieves a performance that is twice as good. Both LCDroQ+HIPSS
and LCDroQ+HEIR achieve even greater success rates of roughly 0.9 and 1.0, in the
latter case outperforming LCDroQ by a factor of 3. LCDroQ+HIPSS also surpasses
the other approaches in the push experiments, particularly in the setting with additional
colors (see Figure 1.11b), where its performance doubles that of LCDroQ and outperforms
LCDroQ+HEIR by up to 0.4. The combination LCDroQ-+THIPSS shows very similar
results. In Figure 1.11¢, LCDroQ+HIPSS and LCDroQ-+THIPSS achieve similar re-
sults, while LCDroQ+HEIR lags behind. The final experimental setting in Figure 1.11d,
similar to the first, contains an extended range of property words and further highlights
the advantage of our egocentric speech approaches, as the agent occasionally confuses the
goal objects. The differences between LCDroQ-+HEIR in the most difficult reach and
the push settings (see Figures 1.11a and 1.11d, with additional colors and shapes) can be
attributed to the different types of task behaviors involved.

Table 1.1 summarizes the core ideas of the presented methods and their contribution
to this thesis. We list the individual algorithm combinations paired with their respective
replay approaches.
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Figure 1.11: Illustrated is a comparison of the former HEIR replay mechanism with the
novel egocentric speech approaches HIPSS and THIPSS. For a selection of tasks, along
with variations in color and shape, we depict the average success rate for 5 random seeds,
with the 90% confidence interval shown as shaded region on the y-axis and the number of
environment steps on the x-axis. Comparing Figures 1.11a and 1.11d reveals significant
differences with respect to the performance of the expert approach HEIR, possibly due to
the different reaching and pushing behaviors involved.
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Method

Contribution

Description

Language-Conditioned Soft
Actor-Critic (LCSAC)

Our initial RL algorithm as
a language-conditioned ex-
tension of the Soft Actor-
Critic algorithm employed
in (Roder et al., 2022).

LCSAC serves as our ini-
tial baseline implementa-
tion following established
related work (Jiang et al.,
2019; Akakzia et al., 2021).

Language-Conditioned
DroQ (LCDroQ)

Our novel language-
conditioned RL algorithm
incorporating dropout Q-
functions (Hiraoka et al.,
2022) into LCSAC, de-

tailed in Subsection 5.5.2.

LCDroQ serves as a strong
basis algorithm that injects
uncertainty into the return
estimation without any re-
play extensions.

Hindsight Expert Instruc-
tion Replay (HEIR)

A hindsight expert replay
extension presented in Sec-
tion 4.4 and Roder et al.
(2022).

It forms an integral com-
ponent of our enhanced
algorithm combination
with the basis algorithm
LCDroQ+HEIR.

Hindsight Instruction
Prediction from State Se-
quences (HIPSS)

An egocentric speech replay
mechanism utilizing recur-
rent neural networks in a

It is implemented as a self-
supervised hindsight replay
mechanism, integrated into

sequence-to-sequence archi- | LCDroQ-+HIPSS.
tecture, introduced in Sub-
section 4.7.1.
Transformer-based  Hind- | An  advanced egocentric | It enables self-supervised
sight Instruction Prediction | speech approach leveraging | hindsight instruction
from  State  Sequences | the Transformer encoder- | replay in our Transformer-
(THIPSS) decoder architecture, de- | based implementation
tailed in Subsection 4.7.2. LCDroQ+THIPSS.

Table 1.1: Overview of the proposed methods and their contributions.

Our self-supervised egocentric speech approach improves the sample efficiency by up to
a factor of 3. Harvesting successful episodes for training HIPSS and THIPSS allows
the model to exploit similarities through systematic generalization. This process enhances
policy learning by generating hindsight instructions for failed episodes as well as novel

situations.
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Misunderstandings and Action Corrections

Chapter 5 addresses the challenge of conversational failures, which are often caused by
communication flaws such as underspecification, disfluency, and polysemy. Existing studies
in this domain tend to focus on cases of non-understanding (Hirst et al., 1994), often
neglect the more challenging issue of misunderstandings (Bohus and Rudnicky, 2008). In
this thesis, we categorize misunderstandings into three distinct types (Roder and Eppe,
2022), which encompass a significant portion of the challenges encountered in human-robot
dialogs:

* Ambiguity: The instructor utters an underspecified instruction that cannot be re-

solved without further contextual input (Achimova et al., 2022)

* Lack of common ground: Words that were not part of the agent’s training introduce
significant epistemic uncertainty in the model’s predictions (Chai et al., 2014)

* Instruction Correction: The instructor unintentionally specifies an incorrect intent
by using wrong words, a phenomenon commonly referred to as lapsus linguae ( “slip
of the tongue”)

Participants in a conversation must continually establish common ground by addressing the
aforementioned issues through verbal or physical feedback. These same challenges apply
to human interactions with intelligent artificial agents or robots (Thierauf et al., 2023).
In robotics, resolving misunderstandings is especially critical to avoid potentially harmful
outcomes. Figure 1.12 illustrates an example of an ambiguous instruction in which the
instructor commands the agent to hand the apple without providing further clarification,
despite the presence of two apples. Assume the instructor intended to refer to the green
apple. Upon identifying the mismatch between the actual outcome and the intended one,
the instructor utters the action correction, “No, the green one!”, prompting the agent to
adjust its behavior accordingly.

In Chapter 5, we propose a procedure to model misunderstandings by extending the
language-conditioned framework of LANNRO to address challenges that require the repair
of conversational breakdowns (Ashktorab et al., 2019) (see Section 5.4). Compared to sim-
ple instruction-following, the action correction setting introduces a greater challenge, as
the agent must resolve two goals in succession. Initially, the original goal g, is presented,
which possibly leads to one of the three types of misunderstandings. When the operator
realizes the agent has misunderstood the instruction, the original goal is complemented by
the action correction, resulting in gy0g... The action correction g, is programmatically de-
termined by LANRQO, taking into account the initial instruction, the present goal objects,
and what has happened so far within the state space. We incorporate editing terms such
as “actually” and “sorry” to modify the initial instruction, as well as negations beginning
with “not” to contrast the actual outcome with the desired one. Building on our prior
work in Roder and Eppe (2022), this section contributes in two key ways. First, it stands
to reason that we reuse hindsight methods. However, to achieve this, we need to improve
the base algorithm’s performance and ensure the successful generation of episodes that
include action-corrected goals. Second, predicting hindsight instructions with action cor-
rections via self-speech requires adapting the generative process. These adjustments must

28



Start

Hand me the
apple, please!

( C 6 o—- \l expected
observation . | observation

@

|

Caretaker Agent |
|

|

False outcome Vv Corrected outcome V¥ @

No, the
green one!

@ S— &
A % @ = W g(%

Figure 1.12: We depict a scene with the ambiguous instruction “Hand me the apple,
please!”. Upon observing the robotic agent handing the red apple (bottom left), the in-
structor utters the action correction, “No, the green one!”. The agent then resolves the
misunderstanding by taking back the red apple and handing the green one.

determine whether the agent’s behavior results from a simple instruction or an extended
instruction that incorporates an action correction.

Main outcome 5 As the first main outcome of Chapter 5, we introduce Language-
Conditioned DroQ (LCDroQ) as an extension of LCSAC (Roder et al., 2022). LCDroQ
modifies the critic network to model a distribution using an ensemble of dropout Q-
functions (Hiraoka et al., 2022). Each ensemble member incorporates multiple dropout
layers (Srivastava et al.; 2014), which remain activated during both training and evalua-
tion, thereby representing a proposal distribution and approximating Bayesian inference
(Gal and Ghahramani, 2016). The uncertainty in the Q-function helps to address the inher-
(Hiraoka et al., 2022). Modeling the problem in this way enables the agent to represent
multiple possible future modes in its return estimations. Figure 1.13 illustrates the network
architecture of a single critic alongside the process of taking the minimum of the target
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values for training, which follows the clipped double-Q trick (Fujimoto et al., 2018).
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Figure 1.13: The left diagram shows the architecture of a single dropout Q-function with
alternating dense, dropout, and normalization layers, paired with ReLLU activations. The
right illustration depicts the clipped double-Q trick used to calculate the target value for
temporal difference learning. Redrawn figure based on Hiraoka et al. (2022).

In Figure 1.14, we highlight the advantages of LCDroQ over LCSAC across a selection
of several action correction tasks. We compare their performance in our multitask setting
and in the push task involving three objects. Specifically, Figures 1.14a and 1.14¢ present
results for the default settings, while Figures 1.14b and 1.14d focus on scenarios including
negations. Our findings indicate that LCDroQ consistently outperforms LCSAC across
all task variations by a factor of up to 8 (see Figure 1.14c). This indicates that LCSAC
struggles to resolve the misunderstandings at all and is further hindered in following the
standard instructions. With success rate values falling below 0.5, this behavior aligns with
the problem setup, where misunderstandings are deliberately introduced in 50% of the
episodes and standard instruction-following occurs in the remaining cases.
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Figure 1.14: The performance of LCSAC and the dropout Q-function extension LCDroQ
is compared in a small selection of multitask and push action correction scenarios.
LCDroQ consistently outperforms LCSAC, as shown by its higher success rate, which ac-
counts for both the standard instruction-following and the resolution of misunderstandings.
The y-axis represents the average success rate with a 90% confidence interval (shaded re-
gion), plotted against the environment steps on the x-axis. The results are averaged across

5 random seeds. LCDroQ shows performance improvements of up to a factor of 8 (Fig-
ure 1.14c¢).
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Incorporating uncertainty into the Q-value estimation of the Q-function, and conse-
quently into the critic of our actor-critic framework, enhances the sample efficiency by
accounting for uncertainty in environment rewards of the action correction tasks. This im-
provement arises from the agent’s ability to anticipate potential misunderstandings, thereby
preparing for the occurrence of action corrections.

Main outcome 6 As a second contribution to our work on misunderstandings in Chap-
ter 5, we extend the hindsight methods from our previous study on HIPSS (Roder et al.,
2022), as presented in Chapter 4, to address the more challenging action correction tasks.
This is accomplished by implementing an explicit branching mechanism for our hindsight
language goal prediction. The generative process of HIPSS and THIPSS is enhanced
by introducing an additional set of tokens/words to support both default instruction pre-
diction and action correction prediction, as illustrated in Figure 1.15. This enables the
model to autonomously decide whether to terminate the language generation with an end-
of-sequence (<eos>) symbol or to continue with the action correction (see Section 5.6 for
further details).

Default instruction

_) lv<e°s>vl

"<sos> push the green cube"
/, N

"the blue cuboid <eos>"
—> "not" —L) 500
"the red cube <eos>"
—> "sorry" —|:> e
"grasp it <eos>"
—)"actually"—l:: noa

¥ Action Correction J

Figure 1.15: We illustrate the branching mechanism of our egocentric speech model, which
predicts either the standard instructions from Chapter 4 (green box) or the extended
instructions incorporating action corrections from Chapter 5 (purple box).

Referring to the introduction of HIPSS, we refine the process of language generation
by conditioning on the actual instruction g, as a prior, allowing the model to generate
only the action correction g, according to p(gac | 7s,9¢). This process is depicted in
Figure 1.16, where the initial instruction “push the red cube” (red box) is complemented
by the prediction of the action correction “no, the blue cube” (blue box), based on the
state trajectory 7.

In Figure 1.17, we present a selection of tasks to compare LCDroQ with the uncer-
tainty extension, our hindsight expert feedback method HEIR, and both egocentric speech
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Figure 1.16: We illustrate the sequence-to-sequence approach, which now teacher forces
the initial instruction g, = “push the red cube” upon the generation of the action correction
“no, the blue cube”, given the state trajectory ;.

approaches, HIPSS and THIPSS. Although LCDroQ demonstrates notable learning
progress, it often plateaus or exhibits slow improvements. For example, in Figures 1.17a
and 1.17d, it surpasses the critical success rate of 0.5; however, in the latter case, it becomes
stuck at a value of 0.7. We further highlight the combination of LCDroQ-+HEIR as a
replay-based approach with perfect hindsight instructions. This method is restricted to
default instructions because the caretaker cannot provide action corrections in hindsight.
In Figures 1.17a and 1.17d, LCDroQ-+HEIR plateaus at a success rate of 0.5, success-
fully addressing the goal instructions but failing to solve the action corrections. These
findings validate that improving default instruction-following alone does not accelerate
overall learning. While it might be assumed that this curriculum would simplify resolving
action corrections subsequently, our results demonstrate otherwise. Both self-narrating
approaches, HIPSS and THIPSS, achieve significant improvements in sample efficiency
by learning to predict action corrections in a self-supervised manner, surpassing the per-
formance of the expert feedback method LCDroQ-+HEIR. Figure 1.17d highlights that
both LCDroQ-+HIPSS and LCDroQ-+THIPSS achieve success rates approaching 1.0,
outperforming the other methods. In the push scenario (Figure 1.17b) and the multitask
setting (Figure 1.17¢), LCDroQ-+HIPSS and LCDroQ+THIPSS improve performance
by a factor of up to 3. In all settings, our egocentric speech approaches never perform
worse than LCDroQ); instead, they generally achieve superior results. LCDroQ+HEIR,
by contrast, exhibits limited performance, as it focuses exclusively on default instruction-
following through extended replay, neglecting action corrections entirely.

Our egocentric speech approaches, HIPSS and THIPSS, improve sample efficiency for
tasks involving action corrections by a factor of up to 3. Notably, self-narration even sur-
passes the performance of the expert feedback approach HEIR, highlighting the advantages
of learning to predict linguistic goals and corrections through a grounded, self-supervised
process of the agent “talking to itself”.
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Figure 1.17: We present results for the basis LCDroQ, the expert feedback method HEIR,
and the egocentric speech approaches HIPSS and THIPSS across various action correc-
tion scenarios. These scenarios include reach, push, and multitask tasks, as well as tasks
involving negations. The average success rate, computed over 5 random seeds, is displayed
on the y-axis, with environment steps plotted on the x-axis. At least one of the egocentric
speech approaches consistently leads in performance, demonstrating the benefits of learn-
ing to predict action corrections in hindsight. By contrast, the hindsight expert feedback
approach HEIR focuses exclusively on default instructions and neglects corrective feed-
back replay, as evident in Figures 1.17a and 1.17d, where it fails to exceed a success rate of
0.5. This result aligns with our configured ratio of episodes containing misunderstandings
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versus those without (cf. Section 5.4).
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Chapter

Preliminaries and Background

This chapter presents an overview of the foundational theories and background material
relevant to this thesis.

The field of computer science has undergone a major paradigm shift in the past decade
due to the vast usage of machine learning (ML). ML, a subfield of artificial intelligence,
enables machines to learn from data. Recent advancements in artificial neural networks
have demonstrated superhuman performance in certain domains (Mnih et al., 2015), lead-
ing to their widespread adoption across many scientific disciplines (Luo et al., 2022). Deep
learning (DL), a specialized branch of ML particularly focusing on deep neural networks,
has emerged as a valuable area of study. Deep neural networks have proven especially effec-
tive in tasks like image recognition (Krizhevsky et al., 2012), natural language processing
(Devlin et al., 2019), and speech recognition, enabling breakthroughs in many domains.

The following sections provide the essential background material for this thesis, though
not exhaustively covering all aspects of machine learning, deep learning, reinforcement
learning (RL), and natural language processing (NLP). However, we provide pointers to
appropriate sources and highlight a selection of books that were used throughout the years
in studying the topics of this thesis. In the case of reinforcement learning, the book
by Sutton and Barto (2018) provides a comprehensive overview and is fundamental to
our research, which primarily focuses on deep reinforcement learning (Achiam, 2018), a
combination of DL and RL. For in-depth background knowledge on deep learning and
natural language processing, we recommend the books by Goodfellow et al. (2016) and
Murphy (2022). For a broader understanding of the mathematical foundations of machine
learning, we refer to Deisenroth et al. (2020).
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2.1 Deep Learning

The upcoming section outlines the fundamental ideas of deep neural networks employed in
deep learning, how they are defined, and the way they are optimized to solve various tasks.

Deep learning is a branch of machine learning that exclusively makes use of deep artifi-
cial neural network (ANN). Neural networks possess universal approximation capabilities,
as demonstrated by Cybenko (1989), and well-defined algorithms exist to adjust their
parameters (Amari, 1967).

In the case of supervised learning, our objective is to approximate a function f* that
maps an input x to an output y, expressed as f*(x) = y. The output can be either a
continuous value (y € R), as in regression (see Subsection 2.1.2); or a categorical value
(y € {0,1,2,...}), as in classification (see Subsection 2.1.1). A typical classification
problem would involve a model that assigns labels to grayscale images of animals, where
x € Rwidthxheightxchannel yonpegents the input image, and cat and dog denote the corre-
sponding animal class labels. The primary objective is to train an ANN to approximate
the true function, f* =~ fy, by adjusting the network parameters 6 to accurately replicate
the underlying input-to-output mapping. As a foundational example of a neural network,
we begin with the definition of a linear function parameterized by 6 = (W,b) as shown in
Equation 2.1.

f(z;0) =Wz +0b (2.1)

The class of linear functions is a well-studied subject in machine learning research, but
it has inherent limitations in terms of expressive capacity. To model functions of higher
complexity, one approach involves combining multiple functions, each serving different
purposes. This concept forms the foundation of deep neural networks, where a series of
functions are combined to implement various types of transformations, ¢ : R" — R™,
implicitly with respect to their position in the chain.

Consider our prior example: an ANN employs a series of transformations to get from
a raw image of a dog to an increasingly abstract representation. In image processing, this
begins with the identification of edges, followed by a shape detection and ends with higher
level concepts of an animal like the shape of the ears or the number of legs. This process
ultimately provides an invariant basis for animal identification.

Before deep learning became feasible to use, which was enabled by the collection of
large datasets and the availability of powerful hardware, fields such as computer vision, for
instance, relied on manually engineered functions for tasks like edge detection or texture
analysis, typically based on manual feature engineering. These traditional methods often
proved cumbersome to design and required expert domain knowledge to be implemented
effectively. The advent of convolutional neural networks (LeCun et al., 1989), a type
of ANN specifically designed for image processing, widely replaced prior approaches by
learning the feature extraction directly from data. Figure 2.1 illustrates an example of
such levels of abstraction learned by the Inception architecture (Molnar, 2022, Section
10.1).
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Figure 2.1: Image taken from Molnar (2022, Section 10.1) based on Olah et al. (2017),
showing the increasing levels of abstraction (left to right) learned by the Inception archi-
tecture.

Formally, we denote an intermediate representation as ¢(z), which serves as input to
our function, applying a transformation to the raw input x. To utilize such an abstraction,
we must combine at least two functions, f; — fa, where ¢(z) = fi(z,6,) = Wix + by and
fa(o(x);03) = Wap(x) + by. Deep learning provides an approach to find the function f; via
feature learning that derives a suitable intermediate representation to solve a given task
solely from data (Goodfellow et al., 2016). Typically, more complex problems require mul-
tiple layers of abstraction, and chaining additional functions leads to more capable models.
These networks are referred to as multilayer perceptron (MLP), as they contain multiple
layers and essentially build upon the idea of the perceptron by Rosenblatt (1958). One
could modulate the complexity of the model in two ways: by adjusting the depth of the
network (the number of layers) or the individual layer width (the number of parameters
within each layer). This controls the degree of abstraction and, therefore, the capacity
of the model, which represents the number of functions the ANN could express with pa-
rameters § € O, where O represents the parameter space. Current ML applications that
are widely known are predominantly based on deep neural networks (OpenAl et al., 2020;
Ramesh et al., 2021; OpenAl, 2023).

A deep neural network with multiple layers can be formally represented by Equation 2.2,
where L denotes the total number of layers and the parameters § = (0,65, ...0;). Each
layer’s parameters 6; = (W;, b;) consist of weights W; € RN*Mi and biases b; € RM:| where
N; is the input dimension and M; is the output dimension of layer 7.

f(x;0) = fo(foa(. fi(z;01) .. .5004);0L) (2.2)
Several constraints apply to the network architecture: For the first layer, the number of
input neurons must match the dimensionality of the input vector |Ny| = |x|. Consecutive
layers must have compatible dimensions such that their output and input, |M;| = |N;14],

follow simple rules of matrix multiplication (Deisenroth et al., 2020, Section 2). The
final layer’s output dimension depends on the task: for regression, we usually need a single
scalar, | M| = 1, while for classification, the output dimension equals the number of classes
C' to which the network assigns confidence scores, | M| = |C|.

The initial layer f; is referred to as the input layer, while the final layer f;, is called the
output layer. In the case where L > 3, the intermediate layers are called hidden layers. The
dimensionality of the vectors of the hidden layers, specifically their outputs, is called the
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hidden state. This is determined by the output dimension M; of the preceding layer, which
in this case is the first layer (L = 1). Typically, it is desirable to have a hidden size smaller
than the input, |M;| < |z|, thereby enforcing the network to perform data compression.
Conversely, in cases where the hidden state size exceeds the input dimension, |M;| > |z|,
the objective is usually to project the data into a more flexible higher-dimensional space.
Each individual layer comprises units known as neurons, with each neuron possessing for
every input dimension a single weight w; and bias term b;.

This concept dates back to the work on the perceptron, where it was applied to binary
inputs and the weighted sum exceeding a threshold was considered as firing; otherwise, it
was not (Rosenblatt, 1958).

The output h; of neuron j can be expressed as the weighted sum of an input = and a
vector of weights w;, as shown in Equation 2.3.

hj = Z Wi + bj (23)
=1

To provide a more compact notation, this sum can be written as the dot product with the
added bias term, leading to h; = (w;, ) + b;. A single layer comprises input and output
neurons, defining a matrix of parameters W; € RY:*M: a5 previously described. This type
of layer formulation is known as a fully-connected or dense layer, characterized by each
neuron of a layer having connections to every neuron of the adjacent layers (predecessor
and successor layer), while there are no connections between neurons within the same layer.
Figure 2.2 depicts, to the left, a network with one layer consisting of 2 input neurons and
a scalar output h;, hence parameters W € R**! and b € R. To the right of Figure 2.2, we
illustrate a network with a single layer containing 2 input and 2 output neurons, therefore
W € R**2 and b € R%. The final output vector y € R? = [hy, hy] contains two entries, such
as the probabilities of the classes cat and dog.

=) () o
z1w1
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22— o

Figure 2.2: This figure illustrates, on the left, a single neuron with two inputs and one
output and, on the right, a neuron with two inputs and two outputs. Both examples
highlight the computations being applied to the data z with the help of the weights w;;
according to Equation 2.3.

So far, we have considered stacking only linear functions, which restricts the neural
network to become no more expressive than a single linear function. The introduction of
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nonlinearities enables neural networks with multiple layers to approximate various types
of complex functions, making them universal function approximators (Hornik et al., 1989).
We now integrate a so-called activation function after the weighted sum, resulting in h; =
o((w;, ) + b;), applying the nonlinearity to the vector h; element-wise. An example of
such an activation function is the logistic sigmoid function, o(z) = H% Other examples
include the hyperbolic tangent, tanh(z) = %7 or the widely-used rectified linear unit,
ReLU(z) = max(z,0) = z1(z > 0), as shown in Figure 2.3.
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Figure 2.3: Illustration of various activation functions and their gradients: The sigmoid
function o (left) produces vanishing gradients in regions of very low and high input values,
limiting effective training of neural networks. The hyperbolic tangent (center) exhibits
similar saturation issues but performs better than sigmoid when input values are consis-
tently positive or negative. The rectified linear unit (right), one of the most widely used
activation functions in deep learning, behaves linearly for positive inputs while outputting
zero for negative values.

In the case of a single output neuron with a sigmoid activation function, the model
resembles a linear classifier, where the input x results in an output activation close to 0 or
1, yielding the case of binary logistic regression (Murphy, 2022).

We present an example of an MLP with two layers (L = 2) and parameters 6 = {0,605},
as formulated in Equation 2.4 and illustrated in Figure 2.4, now incorporating activation
functions.

f(ZL‘; 9) = WgO’(Wll" + bl) + bg (24)

This architecture provides the cornerstone of current practical deep learning applications,
where practitioners simply adjust the number of layers, the individual layer dimensions
and select the appropriate nonlinearities. Eventually, solving a task, like predicting which
animal an image contains, boils down to adjusting the parameters 6, thereby calculating
the extent of change that should be applied to match the true function f*. This is achieved
by employing an algorithm called gradient descent.
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Figure 2.4: An illustration of a multilayer perceptron with two layers, a hidden layer with
two hidden nodes and an output layer with one node. The input layer is not considered a
layer in the literature.

Learning The composition of functions in deep learning can become highly complex,
yet it achieves remarkable performance on challenging tasks such as image classification
(Krizhevsky et al., 2012), text-to-image generation (Ramesh et al., 2021), playing video
games (Mnih et al., 2015 ), and controlling a robotic hand (OpenAT et al., 2020). Previously,
we outlined a supervised learning setting for classification, specifically mapping images
to their corresponding labels. This approach defines a learning problem by showing the
system inputs x and their associated labels y, coming from an annotated dataset D. It
is important to note that the dataset contains only a subset of samples from the true
underlying distribution of animal images, and is therefore referred to as the empirical
distribution. The dataset D is also known as the training dataset because it is utilized for
learning, hence adjusting the parameters. To measure the model’s performance and guide
the adjustment of 6, we employ a differentiable loss as defined in Equation 2.5.

D

|D|2Ly f(z%0)) (2.5)

The loss function L is selected based on the desired task. Common choices include the
mean squared error for regression problems or the cross-entropy loss for classification tasks
(Murphy, 2022). By comparing the true target values y* and the model’s prediction §° =
f(z%0), one obtains a measure of error. Learning now follows the notion of decreasing this
error by changing the parameters using gradient descent. The optimization utilizes the
loss to calculate a vector of partial derivatives VyL(0,,) with respect to the parameters.
We describe an individual step of this learning procedure in Equation 2.6.

Ot < Oy — AV L(00) (2.6)

To assure an incremental improvement with every step m, we define a as the step size,
also called the learning rate, that controls the magnitude of the parameter changes. Given
that deep neural networks are a bundle of stacked functions, obtaining the gradients of
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these interdependent connections requires a method to trace the forward propagation in
reverse. This technique of calculating the gradients of the loss with respect to each layer’s
parameters is known as backpropagation (Rumelhart et al., 1986). The learning procedure
follows the idea of the iterative optimization algorithm stochastic gradient descent (SGD).
A widely used adaptation of SGD is the Adam optimizer (Kingma and Ba, 2015), which
incorporates an adaptive learning rate based on first and second moments of the gradient.
Further considerations pertain to the careful selection of the nonlinearities as depicted in
Figure 2.3 with their corresponding derivatives.

In the following two paragraphs, we will provide further details on two cases of super-
vised learning: classification and regression.

2.1.1 Classification

(Classification problems involve learning a mapping between input data and their corre-
sponding target labels. In the simplest case with two classes, the target takes on two
values y € {0,1}. An objective function typically employed for these binary classification
scenarios is the 0-1 loss described in Equation 2.7.

|D|
Lor(0) = 15> Zﬂ (y' # f(2';6)) (2.7)
In scenarios involving more than two classes, where y € {0,1,2,...,C}, the model needs

to predict its confidence across classes as a probability distribution. The target labels 3
can be conceptualized as distributions that assign all of their probability mass to a single
class. For such classification problems, the cross entropy loss defined in Equation 2.8 is
utilized.

N
1 . .
Lcg(0) = N ; (y log(softmax(f(z*; 6)))) (2.8)
Logits, the raw output scores of the neural network, are transformed into a probability
distribution using the softmax function (see Equation 2.9).

e~

o (2.9)

softmax(z;) =
=1¢7

In this thesis, classification is used to assign words to behaviors of a robotic agent, as
further described in Subsection 4.7.3 of Chapter 4.

2.1.2 Regression

Regression involves training a model to predict scalar values (y € R). It is similar to
classification in the sense that the only parts that differ are the targets and the loss function.
A commonly used loss function for regression tasks is the mean squared error, as shown in
Equation 2.10.
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N
1 . .
MSE(f) = > (' — f(+:0))* (2.10)
i=1
As an example of a regression task, consider the scenario of predicting a student’s grade
based on the number of hours spent studying.

2.1.3 Regularization and Normalization

Training a model on the empirical data does not ensure its ability to generate reasonable
predictions for novel data instances that were not part of the training dataset. This area
of research falls under the topic of generalization and involves additional ideas like the
empirical risk minimization, cross-validation, and regularization (Murphy, 2022), which
we will explore in this section due to their relevance to our subsequent approaches.

Deep neural networks, being very powerful at approximation, are prone to overfitting
the training data. Overfitting occurs when a model not only learns the essential features
to address the task, but also begins capturing the noise within the data. Strategies to
mitigate overfitting include expanding the training dataset size or reducing the number
of hidden layers or units of the neural network, thereby reducing the model’s capacity.
However, augmenting the training dataset is not always feasible, and reducing the neural
network’s expressive power may lead to issues such as underfitting or slower convergence.
Moreover, higher-capacity models are often easier to train, as they usually possess more
local minima that offer better solutions and are easier to reach with gradient descent than
those of small models.

A well-established approach to address overfitting is the introduction of an additional
cost term, known as weight decay. With ¢;-regularization, also known as lasso' regression,
we encourage the model to deactivate as many weights as possible by setting their values
to zero. This is implemented by incorporating the cost term into the loss, as shown in
Equation 2.11.

L(6) + \o) (2.11)

The hyperparameter \ determines the impact of the regularization on the training. Tikhonov
regularization, also known as ridge regression or f;-regularization, is a method that pro-
motes weight shrinkage, forcing the parameters to take on very small values. It defines the
additional cost as the squared sum of weights, as defined in Equation 2.12.

L) + N6 |3 (2.12)

Dropout Another effective method to regularize deep neural networks is the dropout
technique proposed by Srivastava et al. (2014). This method, applied to specific layers
of a neural network, stochastically deactivates neuron connections during training with a

'east absolute shrinkage and selection operator
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predetermined probability p,. Figure 2.5 illustrates this concept for a small neural net-
work, visualizing the selective removal of connections. During the training phase, dropout
effectively creates and trains multiple distinct subnetworks by excluding different subsets
of connections in each forward pass. In the commonly used inverted dropout variant, ac-
tivations are scaled by a factor of (17—1po) during training, so that no rescaling is needed at
test time. The dropout technique essentially trains an implicit ensemble of smaller neu-
ral networks. It mitigates co-adaptation by preventing individual neurons from becoming
overly dependent on the outputs of other neurons. Consequently, dropout enhances the
network’s generalization capabilities and overall robustness.

Figure 2.5: Visualization of dropout in a multilayer perceptron with 4 input nodes, 4 hidden
nodes, and 3 output nodes. The left side of the figure presents the full network, while the
right side demonstrates the effect of dropout, with deactivated connections depicted by the
thin gray lines.

We employ the dropout technique in Subsection 4.7.2 and Subsection 5.5.2.

Layer Normalization An alternative method for stabilizing and accelerating neural
network training is the technique of normalization. Normalization is frequently combined
with dropout to enhance the generalization capabilities of deep neural networks (Radford et
al., 2018; Devlin et al., 2019). This paragraph outlines the concept of layer normalization,
a method that standardizes activations to ensure a consistent distribution across all feature
activations. The approach involves processing data samples x € R?, where d represents the
dimensionality (corresponding to the number of hidden nodes of that layer), to calculate the
mean p and variance o2 across the features as described in Equation 2.13 and Equation 2.14
(Ba et al., 2016)?.

o= é Z i (2.13)
1 d
o’ = p Z(Iz — p)? (2.14)

2Commonly used biased estimate of the variance.
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Following, i and o are utilized to scale the activations, resulting in a zero mean and unit
variance output, as described in Equation 2.15.

T —pu
Here, € is a small constant, ensuring numerical stability. The final stage of layer normaliza-
tion involves scaling and shifting the normalized activations using the learnable parameters
~ and 3 as expressed in Equation 2.16.

&= (2.15)

y=7i+f (2.16)
In summary, the layer normalization technique modifies the scale and offset of normalized
activations during training, based on the first and second moments. Unlike other normal-
ization techniques (loffe and Szegedy, 2015), the calculations are based on the features of
a single data sample. The method of layer normalization is employed in Subsection 4.7.2
and Subsection 5.5.2.

Summary We have provided a concise summary of the fundamental concepts of deep
neural networks, including their architecture, training methods, and techniques to improve
generalization. For a more comprehensive understanding, further details are available
in reference books such as Goodfellow et al. (2016) and Murphy (2022). Due to the
many application areas, the selection of a neural network type depends on the specific
problem domain. Convolutional neural networks (Krizhevsky et al., 2012) are a suitable
choice for image processing tasks (used in Subsection 4.9.5). Recurrent neural networks
(Hochreiter and Schmidhuber, 1997; Cho et al., 2014) represent another category of ANNs;
specifically designed to handle sequential data such as text (Sutskever et al., 2014) (used in
Subsection 3.2.3 and Subsection 4.7.1). One of the more recent and notable advancements
in deep neural network architectures is the Transformer (Vaswani et al., 2017) (used in
Subsection 4.7.2). It has proven to be a versatile neural network architecture, performing
well for various modalities, including text (Devlin et al., 2019), images (Dosovitskiy et al.,
2020) and audio (Jaegle et al., 2021).
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2.2 Reinforcement Learning

This section examines the core principle employed in this thesis: reinforcement learning.
A detailed overview of the theoretical and algorithmic components is provided to introduce
the deep reinforcement learning approaches central to this work.

Reinforcement learning (RL) is a framework for modeling autonomous decision-making
entities that learn goal-oriented behaviors in complex environments through external feed-
back signals. Unlike supervised learning, RL operates in environments where the dynam-
ics and the feedback mechanism are generally unknown to the agent. RL offers a unique
learning approach based on generated experiences through environmental interactions and
behavior learning based on rewards. Essentially, RL does not require ground truth labels,
but instead relies on rewards, which are basically scalar feedback signals.

RL has been successfully applied in various scenarios, including human-in-the-loop set-
tings (Christiano et al., 2017) and approaches where information about the underlying
structure of the problem is limited. Even in the context of training LLMs to generate
appropriate responses, RL can be employed to define preferences for specific outputs, anal-
ogous to rewards in a conversational setting (Ouyang et al., 2022). An example of an
application without prior knowledge of the underlying problem structure is the work by
Mankowitz et al. (2023). The authors aim to predict program code to optimize the runtime
of an algorithm using RL, with the execution time serving as the only measurable outcome
signal.

The aforementioned cases provide examples where RL is a suitable framework for op-
timizing objective functions that are not differentiable. RL problems are formulated as
sequential decision-making processes, in which the agent must consider uncertainties while
interacting with the environment. The agent attempts to maximize a cumulative return or
minimize costs, an idea that dates back to the pleasure-pain system proposed by Turing
(1948). RL algorithms endeavor to find a policy, denoted by 7 (often used as a synonym
for agent), which is essentially a function mapping the current observed state to an ap-
propriate action. Each RL problem includes a predefined reward function that provides a
bounty or penalty based on the combination of the current state, action, and next state.
The transition to the following state is determined by the environment’s dynamics and is
represented by a function of the state-action combination. Unlike the predefined mapping
in supervised learning, RL considers a balance between immediate and future rewards with
respect to the current actions executed, as they also impact later states and rewards®. This
trade-off is analogous to the decision of waiting for an apple to grow larger to get a greater
reward, rather than consuming a smaller, lower-rewarding apple immediately*. Reinforce-
ment learning algorithms enable finding an optimal policy through direct optimization
of action selection (see Subsection 2.2.3) or employing a guiding function that acts as a
proxy to learn behaviors by estimating the quality of states the agent visits (see Subsec-
tion 2.2.2). In both cases, improving the behavior requires exploring the environment.

3See Jaeger and Geiger (2023) for an introduction to RL from a supervised learning perspective
4Similar to the Stanford marshmallow experiment by Mischel and Ebbesen (1970) about delayed grat-
ification.
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Upon discovering a solution, exploitation of this knowledge may be preferred over further
exploration, despite the uncertainty regarding its optimality. This trade-off between explor-
ing new possibilities and exploiting known solutions is termed the exploration-exploitation
dilemma (Sutton and Barto, 2018), a fundamental challenge in all reinforcement learning
settings.

2.2.1 Markov Decision Process

For a more precise mathematical prescription, problems in RL usually follow the defini-
tion of the Markov decision process (MDP) (Bellman, 1957), a stochastic control process
discrete in time. It is essentially a mathematical framework to model decision-making
under uncertainty, defined by a 6-tuple (S, A, T, R,7,po). The tuple contains elements,
such as the set of states S C R”™ that describes all the possible sensory inputs an agent
could experience. A C R™ describes the set of all possible actions. The transition prob-
ability function 7 : § x A x § — [0,00) implements the dynamics of the environment
and represents the probability of entering the next state s’ at timestep ¢ + 1, while be-
ing in the current state s and executing action a at timestep ¢t. This is expressed by
T(s,a,8) == p(sr1 = 8 | 84 = s,a; = a). The reward function maps state-action-state
pairs to scalar reward values according to R : § x A x § — R, and is, like the transition
function, unknown to the agent in advance. The function py : & — [0,00) specifies the
initial state distribution, determining the agent’s starting conditions. In Figure 2.6, we
describe the MDP as interaction loop accompanied by the graphical model in Figure 2.7,
encapsulating the previously introduced components of the tuple.
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Figure 2.6: Ilustration of the reinforcement learning interaction-loop between the agent
and the environment. The agent receives the current state s; as input and, based on this,
generates an action a;. This action transitions the agent into the following state s;y1,
accompanied by the corresponding reward r; in return.
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Figure 2.7: Graphical model of the MDP, showing the sequential dependencies between
states s;, actions a;, and rewards r; for timesteps ¢t = 0,1,2,3. Each state s; depends on
the previous state s;_; and action a;_1, following the transition dynamics, whereas the
rewards r,; are determined by the reward function and actions a; are selected by the policy.
An initial state s and reward ry are provided by the environment.

Depending on the MDP’s underlying task defined by the reward function, certain ac-
tions lead to states that yield higher rewards than others. Because the reward function is
unknown to the agent, exploring the world is required to find and learn to perform actions
that lead to rewarding outcomes. The overall goal of the agent in the MDP is to obtain
those rewards r, = R (s, at, S¢+1) that maximize the sum of rewards ), r, that we call the
return.

Discounted Expected Return and the General Objective Instead of solely maxi-
mizing the sum of scalar rewards, RL algorithms usually aim for a discounted version of the
return. This discounted expected return, denoted by Gy, describes the anticipated future
return at the current timestep ¢t under the consideration of a time-dependent weighting
of the rewards. This weighting is implemented by the discount factor v that defines the
extent to which the agent considers future consequences of its current actions. For v = 0,
the agent becomes myopic (short-sighted) and only cares about immediate rewards. In
contrast, values of v close to 1.0 make the agent farsighted, causing it to care more about
rewards far in the future, allowing it to tolerate lower immediate rewards to receive higher
rewards in the long term. In theory, to prevent an infinite return calculation, one enforces
~v < 1 for nonzero and constant rewards, limiting the horizon considered for optimization.

In practical applications, the discount factor is a problem-specific hyperparameter typ-
ically chosen within the range v € [0,1). Equation 2.17 provides the recursive definition
of the discounted expected return, which applies exponential weighting to future reward
expectations.

o0
2 k
Gy =711 + 2 + Y Tgs + ... = E VT k41
k=0

) (2.17)
=11+ V(P2 + Vs + Y T+ )

= Tep1 + YGep
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To evaluate the performance of our learning system, we need to consider the distribu-
tion of trajectories 7 = (s, ag, s1,01,-..,S7—1,ar—1, S7) generated by the policy, 7 ~ .
Equation 2.18 represents the trajectory distribution of a policy as p.(7) up to timestep
T—1.

=
L

px(7) = po(so) | | m(ar | s6)T (se41 | 8¢, ar) (2.18)

t
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The expected return for a whole trajectory is calculated employing the summation in
Equation 2.19, by essentially evaluating the generated state and action combinations.

T

T
G(r) = ZVtR(St, A, St1) = ZVtTt (2.19)
=0

t=0

The policy is a function that maps states to actions, defined as 7 : § — A. It could be
either deterministic a; = 7(s;) or stochastic a; ~ 7(- | s;). Measuring the performance
J(m) of a policy involves calculating the expectation of the discounted return with respect
to its T-step trajectories, as shown in Equation 2.20.

J(r) = / pa(r)G(r)

T

=Ern [G(T)] (2.20)

T
t=

>
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Finally, the goal of RL algorithms is to find an optimal policy 7* = argmax J(7) that

maximizes the objective function in Equation 2.20. This optimal policy 7* achieves the
highest expected discounted return from any given state.

Markov Property The Markov property declares that a future state s;;1 only depends
on the current state s; and action a;. This is mathematically formulated with Equa-
tion 2.21, which follows the mentioned independence.

p(st—i-l | Sty Qgy St—1,Ag—15 - - -, S1, al) = p<3t+1 | St at)' (221)

The transition into the next state s;; is conditionally independent of all the previous states
and actions because the current state contains all the necessary historical information.

Episodic MDP MDPs are usually not assumed to be infinitely long and in our case
they are limited by a predefined amount of timesteps T'. An episode is defined as a single
instance of such a time-limited decision process, lasting at most T timesteps or potentially
shorter if a terminal condition is met. An episode consists of a sequence of transitions
{(s4,as, 74, 5041)}—y" the agent experiences. The time limit 7" and the terminal conditions
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are determined by the environment designer and are generally problem-dependent. Gener-
ally speaking, these decisions often consider relevant references, such as the time required
for a human to complete the task or the number of steps required for teleoperating a
robot. For theoretical analysis, it is sometimes useful to consider infinite or finite horizons,
as well as continuous or discrete time scales, depending on the physical time elapsed after
each step. In the robotic setup of this thesis, we employ a discrete time setting where
all timesteps t are of equal duration, typically ranging from 20 to 50 Hz. Defining T to
be finite additionally provides us with a bounded return that helps with the theoretical
analysis (see Equation 2.17) and practical applications.

2.2.2 Value Learning

The concept of value learning revisits the idea introduced at the beginning of this section:
estimating the quality of a given state by predicting the reward or expected return, rather
than directly predicting actions. This approach follows the supervised learning paradigm
of regression, as previously discussed in Subsection 2.1.2. In this context, the loss function
is defined as the difference between the predicted return G, and the actual return G,.

By learning a mapping from the state space S to a real number R (the expected
return), we can effectively quantify the quality of a given state in terms of its potential to
enable the agent to visit other future rewarding states. This state-value function serves as
the foundation for inferring an optimal policy, directing the agent to select actions that
maximize the value of subsequent states encountered during the decision-making process.
There are two primary approaches to value learning that we will describe in the following
paragraphs.

Value function Value functions, denoted by V7™(s), describe how good a state s actu-
ally is in terms of the future reward expected from following the corresponding policy m
thereafter. This concept is formally expressed in Equation 2.22 as the expected discounted
return at timestep ¢, conditioned on the current state and policy.

V7™ (s) = E; [Gy|sy = 9] (2.22)

The optimal policy is the one that follows the optimal state-values V*(s), as shown in
Equation 2.23, and can be directly retrieved by following the maximization of state-value
estimates.

V*(s) =maxV7™(s) VseS (2.23)
If a method initially provides a solution in the form of an optimal value function V*(s),
one can derive the policy by selecting actions that maximize the state value of the future
step, as formulated in Equation 2.24°.

®Strictly, argmax returns the set {a € A : f(a) = max, f(a’)}, which may contain multiple elements.

In this case, one uniformly samples from this set in the context of RL. We follow the standard convention
in RL of writing argmax as returning a single element.
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m(s) = argmax Ey 7 (.(s.0) [R(S,a,5") +~yV*(s")] (2.24)

Figure 2.8 illustrates this concept through a so-called backup diagram, showing states as
white circles and the actions as black circles. Selecting an optimal action a in the state s
considers the sum of values along all possible paths of subsequent states s'.

V7 (s)

S/

V(s

Figure 2.8: Redrawn figure from Sutton and Barto (2018) of a backup diagram for the
value function.

For the value function, the recursive Bellman equation is given in Equation 2.25. It
represents an average aggregated among all the possible actions and successor states, as
denoted in Figure 2.8 by the black dots for the actions (first sum) and the successor states
as white circles at the bottom (second sum).

V™(5) = Eamr(ls),s~T(|s.a) [R(S,a, ") + V7 (s")]
- ZW(CL | s) Z T(s' | s,a)[R(s,a,s") +~yV7(s)] (2.25)

acA s'eS

Q-function Estimating the optimal actions based solely on the value function is limited
by the uncertainty regarding the unknown environment dynamics 7 (s" | s,a). The value
function V(s) does not convey information about the actions that led to it, or which
actions are particularly advantageous in s. A finer-grained approach involves evaluating
state-action pairs (s, a) when estimating the expected future return. The state-action value
function, commonly referred to as the Q-function, estimates the values of state-action pairs
rather than single states, and is denoted by Q™ (s,a). Similar to the value function, the
definition of the Q-function is provided in Equation 2.26.

Q7 (s,a) = Eg [Gyi|s = 5,0, = (2.26)

Figure 2.9 illustrates this concept by a backup diagram, showing how the expected return
is calculated by considering a state-action pair (s,a) and evaluating all subsequent paths
the policy could take. Inferring the policy from the Q-function works as described in
Equation 2.27, which involves selecting the action a in state s that maximizes the state-
action value.

7(s) = argmax Q(s, a) (2.27)

a
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QF(S/, CLl)

Figure 2.9: Redrawn figure from Sutton and Barto (2018) of a backup diagram for the
state-action function.

The Bellman equation of the Q-function is presented in Equation 2.28.
QW(Sv (I) - ES/NTHS,Q) [R(S7 a, Sl) + VEa’Nﬂ(-|s’) [QW(S,7 CL,)H

:Zp(s’|s,a) (s,a,s +72 (a'] s"HQ™(s',d")

a’'eA

(2.28)

The value function and Q-function are closely related. The state value V' (s) can be derived
from the state-action value function Q(s,a) through the expectation outlined in Equa-
tion 2.29, which represents an average of all possible action branches for a state-action
function (see Figure 2.8).

VT(s) = Egur [Q7 (s, a)] (2.29)

Q-learning A prominent approach to value learning is the )-learning algorithm (Watkins
and Dayan, 1992). It iteratively updates bootstrapped estimates of state-action values
using temporal difference (TD) learning (Sutton, 1988). The update rule, described in
Equation 2.30, starts with random initializations of the state-action values. Following this,
the agent explores the environment, gathering experiences and observing rewards r; for dif-
ferent state-action pairs (s, a;), from which the discounted expected return is calculated
(Section 2.2.1). In this TD learning approach, updates occur at every timestep, following
a procedure similar to the supervised setting. A desired value, the TD target, is computed
according to 111 + v max, Q(s;11,a), representing an estimate of the discounted future
return plus the current reward when greedily exploiting the action that maximizes the Q-
values prediction. The TD-error is declared as ;11 + v max, Q(siy1,a) — Q(s¢, ay), guiding
the magnitude and direction of the update. The update itself involves a step size parameter
a, which dictates the extent of the resulting change for the new estimate Q’(s¢, a;).

Ql(st, ar) = Q(s¢, ar) + [Ttﬂ + fyrnquQ(stH, a) — Q(st, ar) (2.30)

While different variations of TD-learning exist (Sutton and Barto, 2018, Chapter 6), this
thesis concentrates solely on the single step approach, known as TD(0). Here, we follow the
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Sutton and Barto convention in which 7, denotes the immediate reward obtained after
taking action a;. In later actor-critic equations, r; denotes the same transition reward,
matching the replay-buffer tuple (s, az, r¢, Sp41)-

2.2.3 Policy Gradient

A different approach to learning involves directly optimizing the action selection through a
policy without using any notion of value. These kinds of approaches fall under the umbrella
term policy gradient methods, of which one instance is the REINFORCE algorithm (Sutton
and Barto, 2018, Chapter 13). The objective, intuitively, is to increase the probability of
actions that lead to high rewards, while decreasing those resulting in low rewards. In
Equation 2.31, the policy gradient is defined as the expectation of the gradient of the log
probability (grad-log-prob) given the policy parameters and a sampled trajectory return.

T
Vod(m9) = Errny | Y Volog(mo(as | 50))G (2.31)
t=0

We optimize the action selection by adjusting the policy parameters 6 directly, using gra-
dient ascent (Equation 2.32).

Opi1 = O + OngJ(Tng) (2.32)

This method results in a policy that outputs actions based on its parameters mp(a | s) =
p(a; = a | sy = s), maximizing the objective in Equation 2.20.

2.2.4 Actor Critic Method

The actor-critic method combines the strengths of policy gradients with those of value
learning. For instance, in the robotics setting with continuous action spaces, policy gra-
dient methods offer a suitable approach as they directly learn the policy. However, pol-
icy gradient methods like REINFORCE are well-known for their instability and lack of
convergence guarantees. Q-learning, which was already introduced in Section 2.2.2, is a
sample-efficient and stable approach that is guaranteed to converge (Watkins and Dayan,
1992). Yet, in environments with continuous actions, Q-learning becomes problematic to
employ because it is impossible to evaluate the Q-function for all possible actions in a
particular state, thus hindering the selection of the maximizing action according to the
predicted Q-values (cf. Equation 2.30). Well-known methods by Lillicrap et al. (2016) and
Haarnoja et al. (2018) implement the actor-critic method to address these challenges in
current reinforcement learning applications. In the following, we provide the example of
a single step optimization with a deterministic policy, using TD(0) (Sutton and Barto,
2018)[Chapter 6]. For further details on the topic of actor-critic, we refer to Sutton and
Barto (2018, Section 13.5).

The actor-critic architecture primarily consists of two components. The first compo-
nent is the policy, henceforth also called the actor, which is a function parameterized by
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6 that maps states to actions, a; = my(s;), and is trained using policy gradient methods®.
The second component, the critic, is equivalent to the Q-function, and is a function pa-
rameterized by ¢. It regresses the expected discounted return for a given state-action pair,
Q4 (st,at). For the critic, we attempt to minimize the TD-error, the fo-norm between the
predicted return and the target value, hence following the usual idea of value learning
with the temporal difference approach. In Equation 2.33, we outline the critic loss func-
tion, drawing parallels to the notion of regression from supervised learning as discussed in
Subsection 2.1.2.

L(#) = ||Qs (51, ar) — 6| (2.33)

The TD target is the sum of the immediate reward r, and the expected return of the
next state s; 1 given the proposed action a;,1 by the actor, as described in Equation 2.34.
With the loss function actually containing the target as a prediction by the model itself,
such methods that base the update on previous estimates are known in the literature as
bootstrapping methods, with their idea originating in dynamic programming (Sutton and
Barto, 2018, Section 6).

oy =1+ '}/Q¢<5t+17 7o (St41)) (2.34)

This is essentially the same as Q-learning from Section 2.2.2, but with the current policy
replacing the greedy action selection using the Q-function (cf. Equation 2.30), because
the action space is continuous. The actor attempts to optimize the loss over the expected
return regressed by the critic, as shown in Equation 2.35.

L(0) = —Qy(st, mo(s1)) (2.35)

In essence, the critic evaluates the action selection, while the actor attempts to maximize
the expected return estimated by the critic. This process mirrors the action selection in
Q-learning, where an action yielding the highest state-action value is chosen. However,
instead of evaluating all possible actions in a state, as in Q-learning, we follow a sample-
based approach. The critic acts as the leading part of the learning procedure, since we
obtain the actor gradients through the estimation of the Q-values, highlighting the synergy
between value learning and policy gradient methods in the actor-critic approach.

2.2.5 Goal Extension of the MDP

Our current formulation of the MDP is limited to the settings with a single reward function,
thus focusing on a single task. A more versatile approach within the MDP framework
involves the introduction of goals, providing additional context to the RL agent regarding
desired outcomes within the environment.

The default RL setting could be considered as a special case with only one static goal
and a single reward function. However, agents are usually tasked with solving multiple

6For probabilistic policies, a; ~ mg(- | s¢), the reparameterization trick, as discussed in Subsection 2.2.7,
is necessary when using neural networks.
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goals, also known as the multi-goal setup (Plappert et al., 2018). The idea regards differ-
ent realizations of the reward function with respect to the various goals the environment
contains. This particular branch of RL is called goal-conditioned RL and has been adopted
by various works (Andrychowicz et al., 2017; Roder et al., 2020), especially in robotics,
where humans could provide language goals (Akakzia et al., 2021; Roder et al., 2022; Ahn
et al., 2023). Goal-conditioned RL dates back to the early work by Kaelbling (1993) on
dynamically changing goals. Recent work on universal value function approximators by
Schaul et al. (2015) formulated a class of value functions that generalize well not only to
unseen states, as in the usual RL setting, but to state and goal combinations. Generalizing
to many state and goal combinations is challenging as the range of combinations is much
larger than when only states are considered. Although only a fraction of state-goal pairs
will be seen by the agent, Schaul et al. (2015) highlight the generalization and extrapolation
capabilities.

For a precise mathematical formulation, we present the extension of the MDP that
involves an additional set of goals G, from which we sample a single instance g € G
that becomes part of the policy’s input. As a result, we get the goal-conditioned policy,
m:S x G — A, which generates a distribution over actions conditioned on the state and
goal, m(- | St g¢). Intuitively, conditioning the policy on various goals triggers different
types of behaviors to solve diverse problems. This approach strongly relates to learning
multiple types of skills (Eysenbach et al., 2019) or, in a hierarchical sense (Eppe et al.,
2022), even options (Barto and Mahadevan, 2003) and subgoals (Roder et al., 2020).

The goal g comes from the desired goal distribution g ~ p,, ensuring the proposal of
achievable goals. For each goal, we have the goal-conditioned reward function R(s,a,g),
which outputs the reward considering the sampled goal g. Goals are often defined as
subspace of the state space, G C §; for example, it could contain the Cartesian coordinates
of a robot gripper and objects in the environments (Andrychowicz et al., 2017). Such
a subset would optionally exclude features such as velocities and joint information. To
evaluate how well a state contributes to reaching the goal, works like Andrychowicz et al.
(2017) employ an oracle function ® : § — G that maps states to goals. Referring to
the aforementioned example, this function would only return the Cartesian coordinates,
excluding features not part of the goal state. With such a function, one could retrieve the
achieved goal ®(s) and compare it to the proposed desired goal g, which many algorithms
utilize for learning (Andrychowicz et al., 2017; Nair et al., 2018b; Colas et al., 2019; Roder
et al., 2020).

Goal-conditioned RL typically employs the dense or sparse reward definition. For
instance, consider a scenario where a robot must navigate to a target position, defined
by its XY coordinates as the desired goal position g on a map. While the robot’s state
s; encompasses more information than necessary, e.g., battery status and other sensor
readings, the function ¢ extracts the pertinent details, specifically the agent’s current XY-
location (achieved goal ®(s;)), to perform the reward assessment in two ways.
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Dense The reward could be modeled as dense signal r; € R, employing the negative
Euclidean distance of the achieved goal and desired goal, 7y = —||®(s;) —g||". Such a dense
reward function based on distance metrics could lead to policies that get stuck in local
optima, misleading the agent and possibly hindering further exploration. For instance, if
the agent is tasked to place an object inside a box but first needs to lift it up, thus moving
it further away from the goal location, a dense signal would encourage the agent to push
the object next to the box, a suboptimal solution.

Sparse We could employ a sparse reward function that only yields a positive signal, in
this particular case a non-negative value, when a specific condition is satisfied. It could be
for example the condition that if the distance to the desired goal is smaller than a predefined
threshold € or any other type of logic calculation. Following the idea of the minimum
distance that needs to be met, the binary reward signal r, € {—1,0} could be defined as
re = —1(]|®(s¢) — g|| > €), where we get a reward of —1 for each step taken and 0 if the
goal is achieved. These types of settings with a negative reward are known as a stochastic
shortest path problems (Sutton and Barto, 2018), as they encourage the agent to minimize
the total amount of costs, hence reaching the goal as quickly as possible. Learning with
sparse rewards, compared to dense ones, is usually more challenging and requires additional
effort to handle the amount of non-rewarding experiences when not reaching the goal state
by chance due to the lack of exploration. However, it has been shown to predominantly
work well for complex problems and requires less reward engineering (Andrychowicz et al.,
2017; Plappert et al., 2018). For the remainder of this thesis, we consider using the sparse
reward definition.

Goal Representations Goals, as previously mentioned, can be represented as part of
a state, but they can also take on different forms. Examples for different representations
are goal images (Nair et al., 2018b), language-based goals (Jiang et al., 2019), and other
semantic goal representations (Arumugam et al., 2019; Akakzia et al., 2021). Since these
representations do not directly align with the characteristics of the state space, mapping
states to achieved goals now demands an alternative approach.

For instance, in the goal-as-state case where the
goal space is equivalent to the state space S = G, ®
would be the identity function, meaning goals are de-
scribed by the entire state. In the case of language,
a goal g, tends to be more abstract, and its mapping
to a single state is not deterministic and may be am-
biguous. For example, the instruction “pick up the
red ball” satisfies multiple interpretations, including S.
“pick up the red object” and “pick up the ball”. A *
solution to this is to consider a whole set of states

ge € Sy, where S;, C S, that satisfy the goal, and
Figure 2.10: We illustrate the

"Written as Euclidean norm language-to-state mapping for the
instructions “pick up the red object”,
54 mapping to the set S;,, and “pick up

the red ball” mapping to S, .



result in a sparse reward signal. For instance, lan-

guage goals like g, = “pick up the red object” and

ge = “pick up the red ball” would definitely overlap

in terms of their goal states, hence S;, N S;, # 0 and

in this case even follows S;, D S;, (cf. Figure 2.10).

This is because a “red ball” is a “red object”, and

there are many other red objects that would fall under that broader category. The for-
mulation of the MDP with goals is simply an extension to the known setting from Sub-
section 2.2.1 (Schaul et al., 2015; Roder et al., 2020), and one could consider the goal to
be a part of the observed state s;, in case their modalities align. The goal-conditioned
setting mainly changes the inner workings of the MDP-based simulation and requires ad-
ditional considerations by the environment designer. Apart from that, the previously
introduced theory and equations remain largely unchanged; we just need to consider the
goal as additional input into the functions that regress the expected returns or conduct the
action-selection. We now express the goal-conditioned Bellman equations for the value and
Q-function in Equation 2.36 and Equation 2.37, respectively, additionally conditioning on
the goal g according to Schaul et al. (2015).

V7™(3,9) = Eamn(ls,g),5~T(|s.a) [R(S:a,9) + V(5 g)] (2.36)
Q™(s,a,9) = Eyo1(|sa) [R(s, a,9) + VEoor(sr,9) [Q (8", g)H (2.37)

In goal-conditioned RL, it is of additional benefit to consider the episodic MDP setting
(Sutton and Barto, 2018, Sec. 3.4) (see Section 2.2.1). Each episode involves a new sample
of a goal that remains unchanged throughout the entire episode. For the remainder of this
thesis, we will omit the time indicator ¢ of g where it is clear from context that the goal
is constant for each episode. In addition to utilizing the reward as a performance metric,
one could also calculate the ratio of episodes in which the agent succeeds at reaching the
goal state, known as the success rate. In Figure 2.11, we provide the goal-extended MDP
as a graphical model.
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Figure 2.11: Graphical model of the extended MDP, visualizing the sequential dependencies
of s, a;, and r; with ¢t = 0,1,2,3. We highlight the goal dependence that influences the
action selection by the policy and the resulting rewards. The goal g remains constant for
the whole episode. The initial state sq and the reward ry are provided by the environment,
whereas the goal comes from the initial goal distribution, g ~ pg.

2.2.6 Current Reinforcement Learning Methods

There is a wide range of reinforcement learning algorithms available to solve various types
of problems, such as robotic locomotion (Haarnoja et al., 2019) and manipulation (Nair
et al., 2018b; OpenAl et al., 2020), playing video games (Mnih et al., 2015; Vinyals et al.,
2019; Hafner et al., 2021), or controlling other complex systems (Luo et al., 2022).

The chosen technique largely depends on the properties of the task’s MDP. In MDPs
with a small state and action space, where table-based methods are sufficient (Sutton
and Barto, 2018, Part I), we can store the policy as a stochastic matrix, where a state
corresponds to a row of the matrix that contains the action probabilities. In cases where
the state space is continuous or simply too large — for instance, when the inputs are images
— we need to employ methods of approximation (Sutton and Barto, 2018, Part II), such
as a deep neural network (DNN). Although DNNs cannot store a one-to-one mapping
like a stochastic matrix, they essentially learn to encode similar states with comparable
representations. It also matters if the action space is discrete (Mnih et al., 2015), where
a finite choice of actions follows the paradigm of classification (see Subsection 2.1.1). In
the case of continuous actions, such as in robotics, we need to cover the space of all real-
valued vectors that could be used to control the robot (Lillicrap et al., 2016; Haarnoja
et al., 2018). This requires a technique similar to regression, but with a multidimensional
output, different from Subsection 2.1.2.

In cases where both the action and state spaces are continuous or too large, approxima-
tion allows us to adopt methods like the aforementioned REINFORCE algorithm (Sutton
and Barto, 2018, Part IT) directly, or implement different variations of algorithms like Deep
Q-Networks (DQN) (Mnih et al., 2015), which are based on Q-learning but employ DNNs.
The branch of RL using DNNs is termed deep reinforcement learning (Achiam, 2018; Jaeger
and Geiger, 2023), and provides a means to overcome the curse of dimensionality, making
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it applicable for high-dimensional and real-world problems. Current state-of-the-art RL
algorithms in robotics often employ the actor-critic approach (Lillicrap et al., 2016; Schul-
man et al., 2017), as it combines the strengths of policy optimization and value learning, as
outlined in Subsection 2.2.4. Here, both the policy and the value function are implemented
by DNNs, where training is conducted using stochastic gradient descent (see Section 2.1).
Well-known algorithms stemming from this idea are Prozimal Policy Optimization (PPO)
(Schulman et al., 2017), used for dexterous robotic manipulation (OpenAl et al., 2020),
and instruction-following large language models (Ouyang et al., 2022). Furthermore, es-
tablished algorithms such as Deep Deterministic Policy Gradients (DDPG) (Lillicrap et al.,
2016), Twin Delayed Deep Deterministic Policy Gradient (TD3) (Fujimoto et al., 2018),
and the Soft Actor-Critic (SAC) (Haarnoja et al., 2018) are commonly used in current
research.
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2.2.7 Soft Actor-Critic

The Soft Actor-Critic (SAC) is a state-of-the-art reinforcement learning algorithm (Haarnoja
et al.,; 2018) that employs the notion of maximum entropy (Zichart et al., 2008) to learn
robust behaviors with a stochastic policy and soft Q-learning (Haarnoja et al., 2017). Max-
imum entropy introduces a form of regularization to policy learning, preventing the policy’s
action distribution 7(- | s;) from becoming deterministic, thereby potentially avoiding poor
local optima. This approach has proven to stabilize and accelerate learning, while improv-
ing the sample efficiency and asymptotic performance. Furthermore, SAC has been shown
to also work in real-world robotics (Haarnoja et al., 2019) and provides a foundation for
many advanced RL implementations (Akakzia et al., 2021; Sodhani et al., 2021; Silva et al.,
2022).

Generally, SAC is a model-free, off-policy actor-critic algorithm. Model-free implies
that it does not learn a model of the world, i.e., the transition dynamics of the MDP (Hafner
et al., 2021). Off-policy describes RL algorithms that store experiences continuously in a
buffer, from which mini-batches of past experiences are sampled to update the policy and
the Q-function — a technique known as experience replay (Mnih et al., 2015). This method
enhances efficiency by reusing collected experiences multiple times and mitigates issues
from correlated samples during online learning.

In actor-critic methods, one refers to the policy as the actor and the Q-function as the
critic. In Subsection 2.2.4, we have already provided the necessary details on this approach,
but now highlight the changes introduced by SAC. Both actor and critic are implemented
by deep neural networks as high dimensional nonlinear function approximators, commonly
utilized in deep RL. This is particularly beneficial in domains where tabular methods are
impractical due to high-dimensional state and action spaces, such as in robotics or other
continuous control problems.

Maximizing Entropy We begin by describing how the entropy term is integrated into
the objectives of the actor-critic framework. Entropy, in general, quantifies the average
amount of information a probability distribution p contains, as described in Equation 2.38.

H(p) = Eqny [~ logp(a)] = Y —log(p(x))p() (2.38)
The entropy term in SAC is used to encourage the policy to generate action distribu-
tions that are as uniform as possible, while balancing this with the extrinsic reward from
the task. This creates a trade-off between maximizing the expected return and the en-
tropy term simultaneously. This approach somewhat resembles the regularization from
Subsection 2.1.3, where additional costs are added to the objective, akin to ¢; and fo-
regularization. A more uniform distribution implies higher entropy, leading to increased
exploration. Maximum entropy policies have demonstrated robustness against model and
estimation errors (Ziebart et al., 2008; Eysenbach and Levine, 2022). Moreover, they can
capture multiple equally good solutions, assigning equal probabilities to choosing them.
In Equation 2.39, we provide the maximum entropy RL objective. To prevent the agent
from getting obsessed by its own randomness, a temperature value o > 0 is chosen as a
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hyperparameter to balance the two feedback signals.

J(m) =E .y

i% (R(st,at, Sev1) +oH (7(- | st))>] (2.39)

In addition, the soft Q-function (Equation 2.40) introduces a change to the Bellman equa-
tion (Equation 2.41), allowing it to regress the expected entropy-based reward for each
timestep t.

Q" (s,a) = E .y

nytR(st, at, St41) + anytH(w(- | $¢))[s0 = $,a0 = a] (2.40)

t=0 t=1

Q" (s,a) = Esffn(.‘ls,?)) [R(s,a, ') +v(Q7(s",d') + aH(w(- | §)))] (2.41)
As mentioned, the entropy regularization helps prevent the policy from prematurely con-
verging to a suboptimal or even poor local optimum. Previously, SAC required finding an
optimal temperature value « for each environment separately (Haarnoja et al., 2018). In a
follow-up work, Haarnoja et al. (2019) proposed temperature tuning via a gradient-based
optimization. This approach integrated the temperature adjustment into the learning pro-
cess, eliminating the need for manual tuning of this hyperparameter. The temperature
objective in Equation 2.42 uses the target entropy heuristic H = —dim(A), the negative
dimensionality of the action space.

L(a) = Eq,or, [—alog m(as | s¢) + adim(A)] (2.42)

As the agent progresses with the task and receives increasing extrinsic rewards, the temper-
ature decreases. The entropy bonus essentially supports the exploration in the early stages
of training and later on converges to a small value, leading to an equilibrium between the
extrinsic reward and intrinsic entropy bonus.

Experience Replay SAC is an off-policy method that employs the notion of experience
replay (Mnih et al., 2015). Such RL methods store the experienced transition tuples
e; = (8¢, a4,74, 8441) in a replay buffer D, = {ey,...e;}, adhering to the first in - first
out (FIFO) principle. When the algorithm switches from its exploration phase, where
it collects experiences, to the training phase, it samples (s, ag, 74, S¢+1) ~ p(D) from the
replay buffer D to update the parameters of the actor-critic model. The term off-policy is
used because the experiences sampled for training are coming from earlier stages, where
the policy might have acted very different in comparison to the current one, hence being
off the current policy.

Target Networks To account for the continuously changing parameters of the critic
when training with its own bootstrapped TD targets of the next step (cf. Equation 2.34),
SAC employs target networks whose parameters update less frequently (Mnih et al., 2015).
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Having parameters that change more slowly provides temporary stationarity in terms of
the targets used for learning the regression of the return. The target critic parameters ¢
are a slowly changing version of the critic parameters ¢. Their rate of change is determined
by the hyperparameter p and are updated according to Equation 2.43, known as Polyak
averaging.

¢ pp+ (1 —p)o (2.43)

Soft Q-Learning and Double Q-trick SAC employs the double Q-trick to address the
overestimation bias in return estimation by consistently selecting the lowest estimate from
N (e.g., N=2) return estimates. Essentially, it defines the critic as an ensemble of identically
structured but differently initialized Q-functions, each providing their own predictions.
This technique was inspired by the work on Double DQN and is utilized in other RL
algorithms as well (Fujimoto et al., 2018). It is formally described in Equation 2.44, where
it takes the minimum of the proposed return predictions.

min Q¢ (s,a"), a ~m(-]5) (2.44)

i=1,....N

Combining the clipped double Q-trick (Fujimoto et al., 2018) with the soft Q-function
results in the new TD target outlined in Equation 2.45.

6(r,s') =r+n~ ( min Q7. (s',d') — alogmy(a' | 3')) ;' ~m(- |8 (2.45)

.....

This leads to the result in Equation 2.46, which provides the objective for training the N
critics.

L<¢i,z>>:ﬁ S (Quls,0) = 8(r, )’ (2.46)

(s,a,r,s")€D

SAC uses the TD-0 approach to learn the return estimations for the critic and action pre-
dictions for the actor. Unlike REINFORCE, the actor aims to maximize both the expected
future return and the expected future entropy bonus simultaneously (see Equation 2.47).

Z <a logme(a | s) — mln Q¢ (s, a)) , an~m(-]s) (2.47)

seD

~ 1Dl

In Algorithm 1, we present the pseudocode for SAC, which systematically outlines the
objectives introduced.

Implementation details The policy in SAC parameterizes a Gaussian distribution by
outputting two vectors: py(s) and oy(s). Actions are then sampled from this distribu-
tion according to a ~ N (ua(s), 09(s)). To address the challenge of differentiating through
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Algorithm 1 Soft Actor-Critic Algorithm (Haarnoja et al., 2018)

0 actor parameters i critic parameters for i = 1,...,
b; + ¢; target critic parameters D off-policy replay buffer
QU actor learning rate agQ critic learning rate
Qo entropy temperature Qentropy  temperature learning rate
1: for episode O, ..., F do
2:  Sample initial environment state sg ~ pg
3:  for each environment step t =0,...,7 — 1 do
4: Sample action a; ~ my(- | $¢)
5: Take environment transition s,y ~ 7 (- | s¢, ar)
6: Compute reward r; <— R(S¢, a, Si11)
7: Store transition in replay buffer D <— D U {(s, ar, rt, St41) }
8: end for
9:  for each gradient update step do
10: Sample mini-batch of transitions B ~ D
11: for each critici=1,..., N do
12: Update critic @)y, by taking a step of gradient descent
13: ¢i < ¢i — Ve, L(¢;, B) according to Equation 2.46
14: Update target networks ¢; following Equation 2.43
15: end for
16: Update actor my by taking a step of gradient descent
17: 0« 0 — a.VyeL(0,B) according to Equation 2.49 based on Equation 2.47
18: Update temperature « by taking a step of gradient descent
19: Q4 @ — Qlentropy VoL () according to Equation 2.42
20:  end for
21: end for

61



stochastic nodes, SAC employs the well-known reparameterization trick, transforming the
stochastic nodes into deterministic ones. This is achieved by parameterizing the distribu-
tion in terms of a fixed standard normal distribution and the policy parameters. Conse-
quently, sampling actions for training follows Equation 2.48, where £ ~ N(0, I') represents
the noise sampling from the standard normal and s the current state.

(s, €) = u(s) + o) © & (2.48)

Here, I denotes the identity matrix, matching in dimension to the stochastic term £. Since
the output of the Gaussian distribution is unbounded while action spaces typically have
limits, SAC employs the tanh function to squash these outputs (cf. Figure 2.3). This
squashing appropriately modifies the actor loss according to Equation 2.49, ensuring that
the sampled actions remain within the defined action space boundaries.

|

16.D) = 3 (clog (il €) |50 = min Qa0 80(51.6) ) (5000 ~ D€~ N(0.0)
t=0 '
(2.49)
The application of the reparameterization trick and the tanh squashing function enables
SAC to maintain a stochastic policy while allowing for efficient gradient-based optimization
throughout the network.

Summary

This chapter provided an overview of the background material relevant to this thesis. It
introduced the key concepts of machine learning, deep learning, and reinforcement learning.
For more in-depth knowledge on these topics, our references include seminal books, such as
Sutton and Barto (2018) for reinforcement learning, Goodfellow et al. (2016) and Murphy
(2022) for deep learning and natural language processing, and Deisenroth et al. (2020) for
the mathematics of machine learning.

The combination of deep learning and reinforcement learning, known as deep reinforce-
ment learning (Mnih et al., 2015; Achiam, 2018), forms a key focus of this thesis and is
used in Section 3.3 and Subsection 5.5.2 to implement our core algorithms. The subsequent
chapters build upon the foundations laid out in this chapter, and the presented concepts
will find use within the methodologies employed in this work.

62



Chapter

Learning Language in Reinforcement Learning

This chapter, serving as the first main part of this thesis, explores the concept of language-
conditioned reinforcement learning agents. We demonstrate where this research fits into
the broader landscape of reinforcement learning, and its relationship to the widely adopted
goal-conditioned paradigm.

Language representations of goals make it very natural for humans to interpret them,
and, similar to human-to-human communication, enable effective human-robot interaction
(HRI). Teaching robots how to act on language commands has been an important topic of
research for several decades (Bischoff and Graefe, 1999) and continues to be a major focus
of current studies (Ahn et al., 2023; Cui et al., 2023; Shi et al., 2024). In this context, the
topic of language grounding (cf. Section 1.2) — how words relate to other sensorimotor ex-
periences — has been studied thoroughly, as it allows learning of otherwise missing nuances
of language (Wermter et al., 2005; Steels, 2008; Bisk et al., 2020). The integration of lan-
guage and reinforcement learning holds great potential, as language provides the necessary
abstraction for generalization across diverse and novel tasks (Silva et al., 2022; Spilsbury
and Ilin, 2022). For instance, the motion-related word “grasp” could be understood by the
robot in any situation, consistently referring to a very similar behavior primitive, namely
reaching for something and holding it. Moreover, the desired target object, whether a
“red apple” or a “bottle of water”, should not affect the fundamental understanding of
the action. While there are innumerable ways a behavior could be executed or an object
manipulated, these can be precisely described using a small set of words. Language is
abstract, and while it may be challenging to describe precisely how a robot should execute
grasping, understanding a few words can convey a wealth of information.

In contrast to unimodal models trained solely on text, such as GPT (Radford et al.,
2019), a robotic agent experiences the world through interaction, exploring it while re-
ceiving rewards. The concept of sparse rewards is particularly suitable, as they allow the
agent to freely explore many types of behaviors without becoming trapped in suboptimal
local minima of a dense feedback signal (cf. Subsection 2.2.5 and Andrychowicz et al.
(2017)). Another significant advantage of language, beyond its interpretability, is its com-
positionality. Words are composed of characters, and sentences are made up of words. An
intermediate representation of words could be the concept of tokens, which are multiple
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characters. In the remainder of this thesis, we exclude this idea of tokens used by many
well-known models in the domain of natural language processing (NLP) (Devlin et al.,
2019; Radford et al., 2019), and focus on whole words. Altering a single character in a
word can result in a completely different semantic meaning, similarly to changing a word
in a sentence. Current research highlights that it is not straightforward to train, especially
RL agents, to represent language goals in a compositional manner (Spilsbury and Ilin,
2022). Such systems often struggle with systematicity, mapping entire sentences to specific
behaviors without leveraging individual word meanings for generalization. Compositional
understanding of words, while effortless for humans, remains a significant challenge for
learning machines (Hupkes et al., 2020). It requires sophisticated algorithmic designs that
incorporate inductive biases to foster compositional language learning in agents (Oh et al.,
2017; Andreas et al., 2017). For instance, understanding that a “red apple” is similar to a
“red tomato” in terms of its color, while recognizing that this similarity does not extend to
other properties, presents a notable challenge. In such a case, similarity along one feature
dimension does not imply a general similarity. Assuming an apple is much firmer than a
tomato, the robot would need to adjust its gripper’s forces accordingly when grasping ei-
ther item. Furthermore, a “yellow tomato” remains a tomato and requires the same careful
handling regardless of its color, which such a system would need to explore from the ground
up, despite the present experiences with the “red tomato”. Numerous works explore the
notion of language grounding, which enhances generalization ability (Chaplot et al., 2018;
Hanjie et al., 2021) and learning performance (Sodhani et al.; 2021). A very important
problem in this area is the Symbol Grounding Problem by Harnad (1990), which addresses
how words acquire their meaning, as discussed in Section 1.2. For humans, grounding
occurs through various sensory experiences: olfaction, vision, audition, touch, taste, and
actions, all in the context of the words we hear or have in our mind. The grounding
problem states that meaning cannot be derived solely from words; it must be grounded in
other sensory experiences and cannot be, in terms of the meaning, words all the way down
(Harnad, 1990). Our reinforcement learning framework provides an appropriate setup for
language grounding through sensorimotor experiences driven by a scalar reward signal, as
the agent autonomously explores and discovers feedback and word relations. In the follow-
ing section, we will provide an overview of related works employing language as a type of
goal representation for deep RL agents.

3.1 Related Work

The upcoming section highlights current research in language-conditioned reinforcement
learning, with a specific focus on language grounding.

Language in RL is a rapidly evolving field of research with increasing relevance. Current
works on language in robotics aim to utilize RL as an end-to-end approach for instruction
learning, with many prominent robotics researchers publishing in this area (Jiang et al.,
2019; Tellex et al., 2020; Lynch and Sermanet, 2021). When not used as an end-to-end
approach, concepts such as value functions, reward functions, and Bellman equations are,
for instance, applied in imitation learning (Lynch and Sermanet, 2021; Shridhar et al.,
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2022). The recent review by Luketina et al. (2019) outlines two roles language can
play in an RL setting. First, language could be used to provide additional contextual
information and has an assisting role. For example, a robotic agent could be supplied with
additional information (metadata) about objects that are more suitable to fulfill specific
tasks and which objects to avoid because they are too fragile (Narasimhan et al., 2018;
Sodhani et al., 2021). The second role, which is the primary focus of this thesis, is
instructive language (Hermann et al., 2017), describing the overall task the agent needs
to complete. Unlike assistive language inputs, instructive language is essential and cannot
be ignored by the agent.

A specific area of research, that is inherently related to RL as an embodied line of
machine learning research, is the concept of grounding. Grounding language refers to the
process of learning corresponding relationships between language and other environment
features that the agent can sense. Research on grounded language is crucial for overcoming
the limitations of current unimodal systems (Radford et al.; 2018; Radford et al., 2019).

In the work of Hermann et al. (2017), the authors instruct an RL agent to solve tasks
involving picking up objects within a 3D world called DeepMind Lab (Beattie et al., 2016).
As the agent observes the world through a camera view, it enables grounding language
in visual pixel inputs. However, picking up the task objects involves no real physical
interaction, because it is simplified by colliding with the desired object lying on the ground.
Their work is one of the first language-conditioned RL settings that showed how an agent
could learn to relate concepts of language and perception based on a reward signal only.
Subsequent work from DeepMind extended the multimodal capabilities through auxiliary
tasks (Hermann et al., 2017; Hill et al., 2019), a dual memory-based approach (Hill et al.,
2021), and language pretraining (Hill et al., 2019).

In the work of Chaplot et al. (2018), the authors investigate another method for in-
tegrating multiple modalities using a gated-attention mechanism. In short, the attention
approach allows their language embedding to, in a way, modify the vision embedding,
enhancing the visual perception of task-relevant objects based on the language goal. Fur-
thermore, they demonstrate that specific object-word combinations result in distinct visual
attention patterns for different object types, colors, and size attributes, providing a method
of multimodal fusion with zero-shot task generalization capabilities.

Another publication closely related to this thesis is the work on decstr by Akakzia
et al. (2021) (cf. Section 1.4). The authors investigate a particular type of semantic
representations that eases the language grounding by mapping the spatial relationships of
three objects on a table to a semantic encoding. The encoding represents spatial properties
of the objects with binary values, indicating if two objects are close to each other or if
object A is on top of object B. Through intrinsic motivation, this mapping is learned by
exploring all possible spatial configurations. A social partner, implemented as a feedback
mechanism by the environment, provides the language representations for the observed
outcomes. A strength of their approach lies in the self-generated semantic goals. Due to
the abstract nature of language, there are often multiple object arrangements that satisfy
a given language instruction (see Subsection 2.2.5). Their approach enables the agent to
generate different semantic representations, based on the external language goal, which the
agent then tasks itself to achieve. This allows the agent to attempt various semantic goal
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representations, for instance, when the first attempt fails. A limitation of this work is the
requirement to manually define the semantic representations with respect to the objects in
the world upfront, making it challenging to transfer to novel setups with more objects and
a different environment setting.

Another line of research on language-conditioned agents utilizes hierarchical RL ap-
proaches (Eppe et al.; 2022). In hierarchical RL, problems are subdivided into smaller
subproblems which are easier to explore and consequently easier to solve (Eppe et al., 2019;
Roder et al., 2020). Jiang et al. (2019) employ a hierarchical approach with two policies:
one for the internal goal instruction generation (high level) and another for instruction
following (low-level). Language in their case provides an intermediate representation to
decompose long and complex instructions into temporally simpler and shorter ones. For
example, given the instruction “remowve the dishes and clean the table” as an overall goal
description, a technique of HRL would be to decompose it into two subgoals like “remowve
dishes from table” and “clean the table”. Oh et al. (2017) present another hierarchical ap-
proach, employing a meta-controller (their high-level policy) to map instructions and visual
inputs to subtasks. An internal routine within the meta controller tracks the progress of
the proposed subtask and can suggest a new one at any time, interrupting the current task
execution. In case of an interruption, an instruction memory keeps track of those tasks
that are resumed at a later stage. The actual execution of a task is based on parameterized
skills, essentially a multitask policy conditioned on the proposed goal representation of the
subtask. Using a hierarchy in RL makes solving complex and long-horizon tasks more
feasible. Language in this context is a valuable representation that is both interpretable
and inherently compositional (Mirchandani et al., 2021). Compositionality allows reusing
a couple of phrases or words for many high-level problem definitions.

A more recent line of research applies RL methods with language through the use of
LLMs for robotic control. In the work of SayCan by Ahn et al. (2023), the authors use an
LLM as a backbone for the high-level planning. Given an instruction and with appropriate
prompting, the LLM responds with a structured language directive and lists subgoals
that need to be fulfilled in a specific order. The predefined skills of the robot, either
preprogrammed or learned via imitation learning, need to be paired with the proposed
subgoals and executed. To quantify the appropriateness of certain subgoals and therefore
influence the plan proposed by the LLM, the authors integrated a value function that
incorporates additional modalities, like vision. This allows the system to assess, e.g.,
whether a subgoal should involve searching for an item or simply grabbing it if it is already
in the robot’s field of view. Apart from skill learning, the authors claim the system grounds
its generated action plans with the help of the value function’s predictions, guided by visual
and proprioceptive inputs. Based on the work of SayCan, many subsequent works attempt
to utilize the semantically rich representations of LLMs to implement instruction-following
agents (Huang et al., 2023b; Huang et al., 2023a; Liang et al., 2023).
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3.2 Background

This section provides additional background on language-conditioned reinforcement learning
as a special case of goal-conditioned reinforcement learning. Furthermore, we introduce fun-
damental ideas on processing language inputs and integrating them with state information
for decision-making.

This section highlights the relationship between goal-conditioned and language-conditioned
reinforcement learning, complementing the previous explanation of the MDP extension
with goals in Subsection 2.2.5. For this, we present the formalism that we will use through-
out the remainder of this thesis and introduce the main components for processing language
goals in a reinforcement learning setting.

3.2.1 Goal-Conditioned RL

The reward function of a goal-conditioned MDP is defined as a mapping R : S x A x G —
{—1,0}, which in our case is a binary function defining a sparse reward. The more general
setting was already discussed in Subsection 2.2.5. We define & as an oracle function,
usually provided by the environment, that maps states to goals (see Equation 3.1).

gr = (1) (3.1)

While the desired goal g is the external goal provided by the environment or a teacher,
the achieved goal g; can be retrieved using the aforementioned function. Thus, we can
compare g; to g; to evaluate the success. In the case of a fully observable state where
the goal is defined in terms of location information, hence the Cartesian coordinates, we
use the Euclidean distance and define a threshold €, so that if the distance is below that
threshold, a sparse reward is granted. This is described in Equation 3.2, following the
usual reward function definition (Schaul et al., 2015; Andrychowicz et al.; 2017), despite
not all arguments being used for calculating the reward.

0, if[[®(s;) —gll2 <e

) (3.2)
—1, otherwise

T = R(st, a1, 9) = {
Implementing a reward function that only identifies the goal state is convenient, as it
allows the agent to learn unrestricted behaviors without being misguided by a dense reward
signal (Andrychowicz et al., 2017), thereby avoiding poor local optima. A drawback of this
approach is the necessity for an oracle that knows how to derive goals from states. Setting
the reward to be either —1 or 0 is a common choice in goal-conditioned RL settings and
relates to the concept of shortest stochastic path problems (Sutton and Barto, 2018). The
penalty of —1 for each step t encourages the agent to reach the sparse rewarding goal
configuration as quickly as possible, to minimize operational cost. However, sparse reward
problems are considered significantly more difficult to solve than dense ones. They also
present a greater challenge in conducting sufficient exploration because the goal must be
achieved by chance to receive a positive learning signal.
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Defining goals as a subspace of states makes too many assumptions about the prob-
lem structure the agent needs to solve. Although they have been shown to work well for
locomotion problems (Schulman et al., 2017; Roder et al., 2020), they are mostly imprac-
tical for manipulation and other complex tasks. In the next section, we will replace the
goals-as-state representations with the more natural language goals.

3.2.2 Language-Conditioned RL

In the previous Section 3.1, we highlighted recent work on language-driven RL settings.
Language provides a universal and more abstract representation for goals. However, in-
structions rarely map to single desired state outcomes, and different language goals can
have similar outcomes state-wise. In Section 2.2.5, we already highlighted differences of the
goal-conditioned case and other goal representations. For language in particular, there is no
mapping function available like in the goal-conditioned setting (see Equation 3.1). There-
fore, we cannot consider the achieved goal states for the reward evaluation. For linguistic
goals gy, we replace the threshold based reward calculation with a task-specific condition
function, which maps from a set of state-language-goal combinations to a Boolean value,
C:S8 x AxG,— {true, false}, indicating whether the goal condition in Equation 3.3 is
satisfied.

07 ifc(staahgé)

. (3.3)
—1, otherwise

T = R8¢, as, ge) = {
Consider the example where g, is “pick up the red cube”: Every state where the agent is
actually holding the red cube in the air falls within the set of desired goal states S,,. In
such instances, the evaluation of the condition yields true, signifying that we have reached
a state s; within the defined goal set (see Figure 2.10 from Section 2.2.5 for a visualization
and further details). Implementing the condition function and specifying the desired goal
state space Sy, for each possible g € G, seems cumbersome at first glance, but actually
boils down to a couple of if-conditions for each desired behavior in our setup. In a way
the language goals define restrictions on the state space for which a reward is returned.
To identify if the correct object is lifted up into the air, the environment’s condition
function must measure the height and the contact points of the gripper with respect to
the desired goal object. Formally, we can describe the trajectory distribution according to
Equation 2.18 as goal-conditioned and therefore language-conditioned, as in Equation 3.4.

T-1
(7' | 912 = Po So (HW ay | Snge (3t+1 | Staat)> (3'4)
t=0
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3.2.3 Language Processing

In the previous section, we introduced the notion of language-conditioned RL and re-
ferred to the lingual goals as instructions or sentences. At the highest level, such language
goals are instructions made of words, following a natural or synthetic grammar (Chevalier-
Boisvert et al., 2019). Machine learning approaches and deep neural networks in particular
cannot directly process sentences as strings. An additional step is necessary to process
them, e.g., by segmenting the sentence into individual words. Subsequently, each word
is then mapped to a real-valued vector representation that can be processed by a neural
network. Figure 3.1 illustrates this transformation from the text input to a word-based
vector representation the neural network can work with.

[ Neural Network ]

tr 1 1 *r + 1

Word
Representation

R A R N |

Hello , how | | are | | you ? Tokens or

3\ "

Hello, how are you? Text Inp ut
(Instruction)

Figure 3.1: We visualize the stages of processing a language instruction: At the bottom
(first stage), we have the instruction “Hello, how are you?”. In the second stage, the
sentence gets split into individual words. Following, words are then mapped to vector
representations that serve the neural network as input in the third stage.

The subsequent sections discuss how to define these word-to-vector mappings for our
deep reinforcement learning setup.

Vocabulary

To represent our goal instruction, e.g., “pick up the red cube” (see Subsection 3.2.2) as
vector, we first need to establish an attribution from a set of possible words to integers.
Such a mapping from a set of words to unique integer identifiers is known as a vocabulary.
The vocabulary is defined as an indexed set of words according to Equation 3.5.

V ={wy,ws,...,wk} (3.5)
The following properties hold true for our defined vocabulary:
* K represents the total number of words in the vocabulary

* w; represents a distinct word in the natural language, where 1 <17 < K
These properties ensure the uniqueness of each word through a bijective (one-to-one) map-
ping, guaranteeing that each word consistently maps to the same integer. The vocabulary
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can be readily expanded when new words appear to the agent, as per Equation 3.6, adding
the new word to the set and incrementing K.

V =A{wy,ws, ..., wg}tU{wgi1} (3.6)

For this thesis, we adopt an approach to NLP similar to prior works in language-conditioned
RL (Hermann et al., 2017; Chaplot et al., 2018; Roder et al., 2022). Unlike the broader
NLP domain, we do not apply additional preprocessing steps. Such steps typically include
techniques like stemming or lemmatization, which reduce words to their base or root form,
thereby solving issues like mapping “pushed” and “pushing” to different integer identifiers
by instead only using the base form “push”. Another common approach in works on
LLMs is tokenization, which involves dividing the input words into smaller units called
tokens, often words or subword units (Devlin et al., 2019). This prevents allocating huge
vocabularies with tens of thousands of words; instead, combinations of tokens can represent
a larger vocabulary with fewer subword units. For instance, the tokens “pu” “sh”, “ed”
and “ing”, already provide components to represent our three words “push”, “pushed” and
“pushing”, while also covering parts of many other word endings, such as “walking” or
“grasped”.

Our RL setup operates with only a subset of the English language, so we do not require
such advanced NLP techniques. The following sections present how we obtain the vector
representations of the words that we input into our deep neural networks.

Word Embeddings

Once a vocabulary has been established, we can obtain the real-valued vector representation
of each word, which we can input into our DNNs. This vector representation, known as
a word embedding, captures contextual and semantic information based on the vector
space it occupies. Typically, this vector space is high-dimensional, with each dimension
potentially representing a latent feature relevant to the language’s semantics. For instance,
specific dimensions may represent syntactic classes, semantic interpretations, or contextual
applications. Mathematically, if w, represents the word embedding for a word w, it can be
expressed as an n-dimensional vector, w, € R™. The dimensionality of this vector space
plays a crucial role in determining the effectiveness of the task the DNN is designed to
accomplish. Figure 3.2 illustrates how words are assigned to indices and their corresponding
word embeddings.

There are two primary approaches to word embeddings that we consider using in the
implementations of this thesis: one-hot encodings and learned embeddings.
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t 1

Hello s how

Figure 3.2: We illustrate an example of the mapping of words to their indices corresponding
to a particular embedding. The word “how” is mapped to index 73, which retrieves its
embedding representation highlighted in red.

One-Hot Encoding A one-hot encoding, also referred to as an indicator vector, rep-
resents each word in the vocabulary by a unique vector in a K-dimensional space, where
K = |V] is the size of the vocabulary. All dimensions are set to zero except for the one
corresponding to the word’s index (cf. Equation 3.7).

v'=(0,...,1,...,0) € RX with o= {1 =i vien,. Ky 67
0 otherwise
Here, v' represents the one-hot encoding for the word at index 4, and v} is its j-th compo-
nent. This method, also known as the 1-of-K representation (Deisenroth et al.; 2020), is the
simplest form of a word embedding. It does not capture semantic similarities among words,
as they are all placed equidistant within the vector space. Consequently, two words with
very similar meanings are represented no differently than two completely unrelated words.
Figure 3.3 provides an example of five words represented as one-hot encoding reduced to
only 2 dimensions using the Principal Component Analysis (PCA) technique. Although
there are words that could logically be clustered by categories like colors ( “blue” and “red”)
or furniture (“table” and “chair”), this encoding fails to capture these similarities.
An additional downside, aside from the issue of vector comparisons, is that the vector
space grows linearly with the size of the vocabulary, making it impractical for very large
language corpora.
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Figure 3.3: We depict the first two principal components as the result of passing the
one-hot encodings for the 5 words “red”, “blue”, “chair”, “table”, and “cube” through the
dimensionality reduction. The figure illustrates that the usual word similarities of colors
and furniture are not captured. The placement of the words is distorted by the PCA; as
it is difficult to visualize a 5-dimensional space in 2D.

Learned Embeddings Trainable embeddings allow for adjusting randomly initialized
vector representations with backpropagation. The embeddings are parameters and consid-
ered part of the whole model 0, e.g., a deep neural network, described by Equation 3.8.

0 = {enetworka eembedding} (38)

As a result, we obtain a K X dembedding matrix. Each row represents a dense vector represen-
tation of a word. In contrast to the one-hot encodings, the size of the learned embeddings
does not grow linearly with the vocabulary size K = |V/|, as this is entirely determined
by the hyperparameter dempedding: In Equation 3.9, we provide the definition, in which we
have a distinct mapping for each word i to its embedding v} eqding-

v € Riembedding  where i€ {1,..., K} (3.9)

i
embedding

They provide a better solution for settings with many words and, in comparisons to the
aforementioned one-hot encodings, are able to capture semantic similarities by pushing
those vectors in the embedding space closer together during learning. However, such rep-
resentations only make sense to use when there is a rich training signal in terms of a diverse
number of words, and the additional amount of parameters is justifiable to train. Training
such embeddings can be challenging, as they may become too general when trained on
large language datasets, yet too specialized if limited to a single domain, such as a very
specific robotics setup.
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In Figure 3.4 we depict the same 5 example words used for the one-hot encoding visu-
alization (cf. Figure 3.3). This time, we encode them using the GloVe embeddings (Pen-
nington et al.; 2014), which are predetermined word embeddings that were pre-trained on
a large text corpus and represent semantic similarities, as seen by the two color related
words that form a cluster.

® cube
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I
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~11
-2
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Figure 3.4: This figure depicts the first two principal components of the dense word repre-
sentations, using the pre-trained GloVe embeddings. The 5 words “red”, “blue”, “chair”,
“table”, and “cube” are shown after the dimensionality reduction using PCA. A cluster of
colors can be located on the right side, and the furniture-related words are close in space.
For this plot, we are using word vectors of size 100 with a vocabulary of 400 000 words.

Pre-Trained Embeddings

Embeddings are real-valued vector-based representations of words, phrases, texts or whole
documents. Pre-trained embeddings are general-purpose embeddings resulting from unsu-
pervised or self-supervised training and capture statistical co-occurrences of word semantics
and other relationships derived from large text datasets. For example, Word2Vec uses deep
neural networks to embed words based on context words, trained either by predicting a
word given its context (CBOW: Continuous Bag of Words according to Mikolov et al.
(2013)) or by predicting context words based on a target word (Skip-Gram from Mikolov
et al. (2013)). Changing the network parameters with respect to the aforementioned tasks
and extracting the emergent hidden word state representations provides the resulting em-
beddings, for which similar words are mapped to close points in the vector space. These
representations can capture rich amounts of semantic and syntactic information, resulting
in emergent properties that resemble algebraic structures, allowing operations like addition
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and subtraction. For this, consider the seminal example with the words “king”, “man”,
“woman”, and “queen” represented as vectors, as discussed in Mikolov et al. (2013):

king — man + woman ~ quéen

Another method called Global Vectors for Word Representation (GloVe) (Pennington et al.,
2014), that we already used to illustrate the capabilities of dense embeddings in the previous
section (see Section 3.2.3 and Figure 3.4), does not rely on local context information of
nearby words, but constructs an explicit co-occurrence matrix for the word statistics across
the entire text corpus.

Other methods like Bidirectional Encoder Representations from Transformers (BERT)
(Devlin et al., 2019), follow a different approach: they generate context-dependent em-
beddings using the attention mechanism (Bahdanau et al., 2015) (see Section 3.2.4). This
allows encoding different word meanings, hence different embeddings, based on the nuances
of the surrounding text. The approach utilizes a deep neural network based on the encoder
architecture of the Transformer (Vaswani et al., 2017). BERT is trained in a self-supervised
manner by predicting missing pieces of a sentence, following a fill-the-blanks approach. To
successfully do this, it needs to capture the context information, hence accounting for the
differences in word usage within various contexts, as shown in the following example.

We illustrate the context sensitive encoding of BERT for the word “bank”:

(1) She walked along the river bank, looking for smooth stones.
(2) He went to the bank to deposit his paycheck.

However, for this thesis, we are interested in learning language from the bottom up and
follow the notion of grounding based on the evidence from developmental psychology and
cognitive science outlined in Chapter 1. Adjusting those pre-trained embeddings is often
detrimental if one only uses a small fraction of words, as they could cover a vocabulary
of tens of thousands (Mikolov et al., 2013) with up to a million words (Pennington et al.,
2014).

Furthermore, these vectors are often of high dimensionality, with up to several hundred
dimensions, like 768 in the case of the basic version of BERT (Devlin et al., 2019). In the
case of our upcoming environment, which we introduce with less than thirty distinct words,
this approach is overparameterized and inflated for the setup that we consider. Models
like BERT, in their default configuration, are not designed to recognize small nuances in
language and might be too general to be used for our robotic learning setups. In the
following, we provide an example of two sentences that require a nuanced understanding
of the language to identify the goal object and act accordingly:

(1) Push the red cube.
(2) Push the blue cube.

Based on this idea, in Figure 3.5, we exemplary show the PCA output of 4 sentence
representations using BERT, of which two refer to colors and two to specific objects. As
expected, the small color differences are not encoded appropriately. This is problematic
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for an intelligent robotic agent because instructions including colors are represented more
similarly (“Push the red cube” and “Push the blue cube”) than the instruction without a
color (“Push the cube”) or even the one referring to a piece of furniture (“Push the chair”).

Push the cube

1.01

0.51

PC2

0.01 .
@Push the chair

—0.51 gPush the red cube
@Push the blue cube
0 5
PC1

Figure 3.5: This figure illustrates the first two principal components of the word represen-
tations, using the base BERT model with 110 million parameters and word embeddings
of size 768. The 4 sentences “Push the cube”, “Push the red cube”, “Push the blue cube”,
and “Push the chair” are visualized after the dimensionality reduction using PCA. As ex-
pected, BERT is not able to encode the color differences appropriately, which could make
it challenging for an RL agent to differentiate these small nuances, which might be crucial
for obtaining the sparse reward.

However, we are aware of pre-trained embeddings that have been shown to work well
for instruction-following (Lynch and Sermanet, 2021; Sodhani et al., 2021), but they often
require additional algorithmic effort and fine-tuning. Overall, we are aiming for cognitively
plausible language learning that considers the language modality right from the start to
achieve a grounded understanding. Pre-trained language embeddings are in stark con-
trast to what we know about language development and are often too general, considering
corpora vastly different from what appears in robotic problems.

3.2.4 Representing the Instructions

Deep neural networks require the inputs to be real-valued vectors. In the previous sections,
we explained how to translate words to indices of a vocabulary and convert those indices
into vector representations. We arrive at representing words as either one-hot encodings
(Jiang et al., 2019) or dense vectors, while the latter could be trained simultaneously
with the model parameters or provided as pre-trained embeddings (Hill et al., 2021). For
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now, only BERT considers vector representations for entire sentences, which is a suitable
approach for our goal instructions but comes with downsides. To remain flexible and
allow the model to exploit the compositional word structure of a lingual goal, we require
methods to process sequences of word vectors. In Section 2.1, we introduced the notion
of input nodes and how their dimension needs to be equal to that of the input data. In
the case of a sentence of length L, the one-hot encodings yield a matrix R“*%. For the
learned word embedding, this results in a RI*dembedding matrix. Conservative approaches
to language processing that sum up the individual word vectors of a sentence or apply
average pooling lose a lot of information. For the remainder of this work, we exclude
such simple mechanisms and prefer to use techniques that keep the order information and
are not dominated by more frequent words. In the following sections, we provide three
deep neural network layer approaches to work with sequences that are suitable for our
language-conditioned RL setup and the latter action correction setting (see Chapter 5).

Multilayer Perceptron

To process sequential data with a multilayer perceptron (MLP), it requires removing the
additional sequential dimension. A common approach is to flatten the R*P sequence
into a long vector RY, where L' = L - D. Therefore, we build the MLP in a way that
it can process the sentence with L’ input nodes. However, flattening the input sentence
into a single vector comes with a loss of sequential information, although the activations of
individual words influence each other from the first hidden layer onwards. In addition, using
MLPs for sequence processing comes with the limitation of a fixed input size and requires
proportionally many input units if longer sentences appear during training. For sentences
that are shorter than the predefined length L', we require placeholder embeddings that
actually carry almost no information and waste computational resources. In Figure 3.6,
we illustrate how an MLP processes a sequence of word embeddings, in this case for the
goal instruction “Push the green cube”. We depict the word embedding as small vectors
of size 2, hence requiring 2 input nodes for each word to be processed. The interaction
between the words only happens at subsequent layers to the input layer, like the depicted
first hidden layer. Otherwise, there is no explicit exchange of information, such as the
order or neighboring relations involved.
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Input Layer

Push the green cube

Figure 3.6: Illustration of an MLP processing the flattened sentence as a large vector of the
individual word embeddings of size 2. The sentence length is L = 4, hence the MLP input
requires 8 input nodes. The words exchange information at the level of hidden activations
in the subsequent layers, but otherwise lose any type of sequential information.

Recurrent Neural Networks

In this section, we are going to discuss a special type of DNN architecture designed for
processing sequential data, known as a recurrent neural network (RNN). RNNs can be
considered a special kind of MLP that processes a sequence of inputs, such as words in a
sentence or frames in a video. For each step, the network processes an element of the input
sequence z; and generates an output y;, while passing on its hidden state h; to the next
processing step. That same neural network, essentially a copy with identical parameters,
processes the hidden state h; of the previous step and the next input z,,; of the sequence,
to output the following prediction 1,1 and hidden state h;,, ;. Figure 3.7 depicts this with
a single neuron (left) containing a loop connection alongside the unrolled version for two
illustrated steps (right).

Figure 3.7: To the left, we illustrate the idea of an RNN as a single neuron with a loop
connection, transmitting the previous hidden state to the next processing step as additional
input. On the right, we show an unrolled version of that neuron, propagating the hidden
state to subsequent processing steps.

The memory state, also called the context vector, is of a predefined size, hence h; € RY.
The initial hidden state hi,;; is usually initialized with zeros or random values, providing
default values for the memory of the RNN to start with. The last hidden state hgy
provides the output of the network, containing the contextual information for the entire
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input sequence. In essence, the hidden state functions as a kind of memory, potentially
storing information for numerous steps. This component enables the network to remember
dependencies across parts of the input sequence that are necessary for, e.g., translation
(Sutskever et al., 2014) and language modeling (Bengio et al., 2003). Processing a sentence
word by word allows the network to capture order information while also keeping track of
more specific information, such as the current gender of the subject, to correctly output
a translation. Unlike the MLP used for language processing, the hidden activations of
words in RNNs directly influence each other in a sequential manner. Furthermore, RNNs
do not have a limited input sequence size and are computationally efficient for processing
sequences of varying lengths. We revisit our previous example sentence “Push the green
cube”, processed by an RNN as illustrated in Figure 3.8. Each word is represented by an
embedding of size 2. The illustrated RNN processes each word individually, starting with
the initial memory state hg and ultimately outputs the final state hy, which contains a
compressed representation of the sentence.

() (9

@ >< >< > . @ Hidden Layer

Input Layer

Push the green cube

Figure 3.8: This figure demonstrates the information flow of a recurrent neural network,
that processes the instruction “Push the green cube” word by word. The intermediate
connections depict the unrolled network in time, propagating the previous hidden state
until the final state hy is returned.

Compared to MLPs, RNNs are slower in processing time series, as they sequentially
have to process one input element at a time. However, they offer greater flexibility in terms
of input length, as current frameworks implement smart mechanisms to computationally
efficiently process many sequences of different lengths. A challenge that arises when un-
rolling an RNN to apply a specific type of backpropagation, called backpropagation through
time (Goodfellow et al., 2016, Section 10.2), is that gradients tend to vanish or explode.
Due to the sequential repetition and derivative operations, the magnitude of the gradients
can change drastically. In the following paragraph, we describe a specific RNN architecture
that mitigates the problem of vanishing and exploding gradients. Furthermore, it is the
primary architecture that we will utilize throughout the rest of this thesis because of its
established use in NLP (Cho et al., 2014) and RL (Hafner et al., 2021), and due to its
extended and efficient memorization capabilities.

78



Gated-Recurrent Unit A particular type of RNN that addresses the problem of van-
ishing gradients is the Gated-Recurrent Unit (GRU) (Cho et al., 2014). It employs gating
mechanisms that enable more efficient control over the flow of information through the
network. The concept of gating itself was introduced by the work on the Long-Short Term
Memory (LSTM) units (Hochreiter and Schmidhuber, 1997). The LSTM introduced input,
forget, and output gates to allow the network to learn when and how to update information
within the hidden state. This enables the unit to capture dependencies of different time
scales. The GRU essentially implements a more efficient version of the LSTM by replacing
the input and forget gates with a single reset gate and an update gate. Compared to the
LSTM, it has fewer parameters and performs similarly well on most tasks.

Yt
1
ht—l > X + > ht
o f
D ———————>» X
T¢ Ut -
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Figure 3.9: Diagram of a Gated Recurrent Unit (Cho et al., 2014), showing the update
gate uy, reset gate 7y, and current memory content interaction, going from h; 1 to hy.
The activation functions are sigmoid functions visualized by ¢ and the hyperbolic tangent,
shown as tanh (see Figure 2.3). The illustration is based on Olah (2015).

Figure 3.9 illustrates the structure of a GRU. It implements a reset mechanism that
determines which part of previous hidden state activation h;_; to remove. The forget vector
7 is the result of the dot-product between the reset weights W,., and the concatenation of
the past hidden state and the current input [h;_1,2;]. The full reset gate computation is
described in Equation 3.10.

Ty =0 (Wr : [htfla xt]) (3-10)

Utilizing the sigmoid function, the reset gate vector 7; determines whether a feature of the
last hidden state h;_; should be forgotten, (output dimension is close to 0) or kept (values
close to 1). We calculate the result by the element-wise product 7, ® hy;—1. With the update
gate, the GRU decides which features of the last hidden state h;_; should be forwarded
to the next hidden state h; and which features of the new input should be incorporated.
Similar to the reset gate, the update gate employs weights W,,, for which we provide the
description in FEquation 3.11.
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up =0 (Wy - [hi—1, x4]) (3.11)

According to Figure 3.9, Equation 3.12 involves the parameters W}, and tanh, determining
the candidate hidden state hy, given the influence of the reset gate and the current input.
Like the reset gate, the sigmoid output determines the influence of the resulting vector wuy,
as considered in Equation 3.13. The output ¥, is identical to the newly computed hidden
state hy (cf. Figure 3.7).

iLt = tanh (Wh . [Tt O] ht—h .Tt]) (312)
ht = (1 — Ut) ® ht_l + Uy ® ilt (313)

The overall structure of the GRU allows it to effectively capture both short-term and
long-term dependencies, using fewer parameters and therefore being more computationally
efficient than the LSTM.

Self-Attention

A limitation of RNNs, like the GRU, is that they process inputs sequentially and need
to compress all relevant information into a single hidden state h;. There is no guarantee
of retaining information about words mentioned earlier in the sequence. Furthermore, the
meaning of the individual word embeddings is fixed and does not directly take into account
the presence of other words. However, different parts of a sentence are typically more useful
than others, and realizing word correlations enhances understanding of the sentence as a
whole.

An approach that improves on that is the attention mechanism, which was first used
in the work of Bahdanau et al. (2015). Attention implements a neural network layer that
allows different parts of the input to be considered at different points in time. The type of
attention that we regard in the remainder of this thesis is the self-attention mechanism, also
known as intra-attention. The work of Vaswani et al. (2017) introduced it as an integral
part of the well-known Transformer architecture. Self-attention operates by calculating
attention scores as the relevance of word-to-word dependencies within a sentence. These
scores are used to determine how to represent words in the context of other word appear-
ances. This results in word representations generated on the fly as a linear combination
of contextualized word embedding information. We previously mentioned these types of
contextual embeddings in Section 3.2.3 with the method of BERT (Devlin et al., 2019). For
instance, a sentence containing the words “river” and “bank” should have a very different
meaning than a sentence with the words “bank” and “money”. This was previously not
possible to achieve with RNNs, because they cannot alter the fixed meaning of a word, and
as a result, this had a great impact on the research field of NLP (Vaswani et al., 2017).

In the following, we provide an example, utilizing the dense word embeddings of Sec-
tion 3.2.3. The scaled dot-product attention (Vaswani et al., 2017) maps with the help
of parameters W@ € Rembeading*da  the individual word embeddings w; to so-called query
vectors ¢; € R where 4,5 € {0,..., L}. The index i defines our current word w; that is
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fixed, and j is the index for all the other words w; that we compare to. In addition to this
query vector, we map the embeddings to the key k; € R% and value v; € R% representa-
tions by using weights W € RembeddingXdk and WV € RembeddingXdv regpectively. Usually,
d, and dj, are chosen to have the same size.

q; = U}ZWQ k‘j = ijK v; = ’LUjWV (314)

With the results of these linear transformations outlined in Equation 3.14, we calculate the
dot-product between the queries and the keys to identify a word correspondence, which we
scale by dividing them by +/d}, to obtain the scaled, unnormalized attention, as shown in
Equation 3.15.
q; - k;

€ij = VA (3.15)
Applying the softmax (see Equation 2.9) to the scaled attention results in our scaled and
normalized attention scores, as described in Equation 3.16.

~exp(eg)
Gij = =L~
> 1o exp(ei)

Finally, we weight the different values v; to read out the mixture of information as an
attention-weighted sum of the individual value projections. In Equation 3.17, the weighted
output is calculated for each word 7, hence receiving one contextualized word representation
y; € R% per input word as output.

(3.16)

L
Y = Zaijvj (3.17)
5=0
Figure 3.10 illustrates the scaled dot-product attention based on the version using the
softmax function (Bahdanau et al.; 2015). We depict, as in the previous examples in
Figures 3.6 and 3.8, the word embeddings as a vector of size 2 for the example sentence
“Push the green cube”. We highlight only how the first contextualized representation
Yo, hence i = 0, of the word “push” is calculated.
The resulting contextualized vector, R¥*%  still needs to be flattened as with the input
in the case of the MLP.
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Push the green cube

Figure 3.10: We illustrate the calculation flow of the scaled dot-product attention layer.
This example considers only the first word, with ¢ = 0. The instruction “Push the green
cube” is provided, along with word embeddings of size 2. The illustrated calculations of
eij, ai;, and y; follow those outlined in Equations (3.15) to (3.17), respectively.

3.3 Language-Conditioned Soft Actor-Critic

The ensuing section describes the thesis’s core algorithm, previously introduced in Roder
et al. (2022).

Central to the experiments of this thesis is the previously introduced SAC algorithm
(Subsection 2.2.7). We presented the general goal-conditioned setup in Subsection 2.2.5
and Subsection 3.2.1 as an approach to precisely specify what an agent should achieve. This
was followed by the concept of language-conditioned RL in Subsection 3.2.2. Extending
the algorithm to consider the additional language context is straightforward to implement.
In this section, we introduce our baseline model, termed Language-Conditioned Soft Actor-
Critic (LCSAC), which serves as the foundational architecture for the remainder of this
thesis. Similar formulations have been employed in Akakzia et al. (2021), Sodhani et
al. (2021), and Silva et al. (2022). With Equation 3.18, we present the objective that
now incorporates the episodic language goal gy, sampled from the initial language goal
distribution, g, ~ py,.
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T
J(m) = BavmrnClsngairs | D7 (R(st, a1, 90) — alog(m(ay | ¢, 90)) (3.18)
t=0

Both the actor and the critic have an additional neural network module, a language en-
coder, added to their architecture. The language encoder could be any of the proposed
methods for processing a sequence of word embeddings introduced in the prior Subsec-
tion 3.2.3. Previously, the actor or critic only worked with state vectors, and in the case of
goal-conditioned RL, with a very similar kind of state-based goal vector that was simply
concatenated. Combining the state vector and the output of the language encoder can be
considered a multimodal input, with data coming from two different types of modalities.
Let us consider utilizing a state encoder, which is actually an MLP that outputs a hidden
representation of a state hy. Additionally, the language encoder outputs a hidden repre-
sentation of the goal instruction hy. There are numerous ways to process different kinds of
modalities with DNNs. A straightforward approach is to concatenate both representations
[hg, hg], which then serve as input to a subsequent fully connected layer, as done by many
recent works (Hermann et al., 2017; Narasimhan et al., 2018; Hill et al., 2021; Roder et al.,
2022). There are many techniques to implement multimodal fusion, such as the Hadamard
product (Chai et al., 2014), gated-attention (Chaplot et al., 2018), or the cross-attention
approach, which we will not explore in this thesis since they are more commonly used in
vision-based RL or other supervised learning domains. Figure 3.11 illustrates how both
actor and critic process the language goal, the state information of the environment, and,
in case of the critic the action, to generate an action or QQ-value as output.

In Algorithm 2, we provide the pseudocode for LCSAC. As already mentioned, we
continue to use the equations of SAC defined in the previous Subsection 2.2.7, as the only
part that changes is the additional goal-conditioning of the policy and the Q-function,
which one can simply assume in the general case to be part of the observed state.
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Algorithm 2 Language-Conditioned Soft Actor-Critic (Roder et al., 2022). Equations
from SAC (Subsection 2.2.7) are reused since the goal can be considered part of the state.

0 actor parameters i critic parameters for i =1,..., N
b; + ¢; target critic parameters D off-policy replay buffer
Qr actor learning rate ag critic learning rate
«Q entropy temperature Qentropy  temperature learning rate
1: for episode =0,...,F do
2:  Sample initial state sy ~ py and language goal g, ~ pg,
3:  for each environment step t =0,...,7 — 1 do
4: Sample action a; ~ my(- | S, gr)
5: Take environment transition syyq ~ T (- | 8¢, ay)
6: Compute language-conditioned reward r; <— R(sy, a, go)
7: Store transition in replay buffer D <— D U {(s;, ar, rt, St41,9¢) }
8: end for
9:  for each gradient update step do
10: Sample mini-batch of transitions B ~ D
11: for each critici=1,..., N do
12: Update language-conditioned critic (4, by taking a step of gradient descent
13: ¢i < ¢i — Ve, L(¢;, B) according to Equation 2.46
14: Update target networks ¢; following Equation 2.43
15: end for
16: Update language-conditioned actor 7y by taking a step of gradient descent
17: 0« 0 — a,VyeL(0,B) according to Equation 2.49 based on Equation 2.47
18: Update temperature « by taking a step of gradient descent
19: Q4 @ — Qlentropy Vo L(a) according to Equation 2.42
20:  end for
21: end for
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Figure 3.11: Illustration of our language-conditioned soft actor-critic architecture, receiving
as input a sequence of words g, = (wp, w1, ws, ws), the state of the world s, and, in the
case of the critic, also the action a. All of these inputs are encoded by a language encoder
lene, & state encoder Sen, and an action encoder ae,.. At the top, the actor is illustrated
concatenating the hidden representations of both modalities [hy, hs|, based on which it
parameterizes a Gaussian distribution N(u, o), from which an action a is sampled. The
critic architecture additionally encodes the current action a to concatenate the three hidden
states [hy, hs, hy], based on which it regresses the state-action value ¢q. An ensemble of Q-
functions Q); is employed, of which the minimum is taken as actual output.
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3.4 Language Robotics Environment

This section introduces our benchmark for language-conditioned reinforcement learning
tasks, which are especially designed for instruction following, learning in hindsight, and
dynamically changing goals.

In our previous work Roder et al. (2022), we presented the LANguage RObotics (LANRO)
environment, to evaluate RL approaches in a challenging robotics setting using language as
goal representation. The implementation was inspired by the panda-gym benchmark (Gal-
louédec et al., 2021), and we employed it as a seed for our major language extension. The
robot used in our environment is a Franka Emika Panda robot with 7 degrees of freedom
(DOF) (Haddadin et al., 2022). It is a simulated version of the real robot, as depicted in
Figure 3.12a. We use the original Unified Robot Description Format URDF files provided
by the Franka Emika GmbH, obtained from GitHub'. For simulation purposes, we rely
on PyBullet (Coumans and Bai, 2016-2021) as a mature and widely-used physics engine.
In our environment, the robot is placed in front of a table and mounted on a stationary
platform as depicted in Figure 3.12b. The state of the robot contains the end-effector’s po-
sitional information, its velocity, its roll pitch yaw values, and angular values and velocities
of the joints, forming a subset of the MDP state space S,opor C S.

(a) Franka Emika Panda (b) Simulated robot in LANRO

Figure 3.12: To the left, we have a picture of the real Franka Emika Panda that we use in
our virtual LANRO benchmark, shown to the right. The real robot image is taken from
the official homepage at https://franka.de (Visited November 20, 2024).

3.4.1 Language Tasks

All language-based tasks come with a variable number of objects (2 to 3), different colors,
various shapes, different sizes, and different masses. The color, shape, and size proper-

https://github.com/frankaemika/franka_ros
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ties are directly observable by the agent, while the mass needs to be perceived through
interaction.

Objects are randomly placed on the table within an area of 30cm x 30cm with a mini-
mum distance between them defined by a threshold €,;,,.. An individual object has a de-

fault height of 0.4 cm. We consider all objects on the table O = {obj, ., 0bjZ,.. ... obj% .}

and inspect their unique pairs ((2)), where an object in this case is a Cartesian vector

obj;yz € R3. We measure the distances of each pair and require that all of them are greater
than our predefined threshold, i.e., V{0,0'} C O, 0 # 0, ||o — || > €aj,.-

In addition to the robot’s state, each object ¢ has state information as a combina-
tion of its Cartesian coordinates, the rotation, velocity, and angular velocity: sq;, =
(Ozyzs Orots Ovel, Oavel)- Similar to the state of the robot being a subspace of the state space,
one could consider a separate object space S,p; containing all the aforementioned informa-
tion. Finally, it follows that the union of S, and Sgp; results in the state space S for our
fully observable Markov decision process.

Similar to prior works (Plappert et al., 2018; Gallouédec et al., 2021), we set a limit of
T = 50 timesteps for each episode. In the upcoming paragraphs, we are going to outline
the individual tasks of LANRO and visualize how the robotic agent might solve them.

Reach In the reach task, the agent must identify and gently touch the designated goal
object. All objects, including the goal object, are placed in the 30cm x 30cm area in
front of the robot. To introduce variation, we incorporate the verbs “reach”, “touch”, and
“contact” as part of the goal instruction, allowing for distinct task recognition. The reward
is determined by a condition function that utilizes the simulation’s internal mechanisms
to measure the contact between the robot’s end-effector and the desired goal object. We
implement an additional constraint to maintain the positions of non-goal objects, allowing
them to move no more than 2.5c¢m from their initial locations. Figure 3.13 illustrates, from
left to right, the agent’s successful execution of reaching the green goal object.

‘WA ‘{‘QA jjj jj

Figure 3.13: We illustrate the reach behavior (from left to right). The agent is tasked with
reaching the green object.

Push The push task implements the reward condition to move the goal object a certain
distance. For a selected goal object, we randomly determine how much it should be moved
by uniformly sampling a distance from U(2.5cm, 7.5¢cm), encompassing both small and large
push motions. The agent has the freedom to move an object in any direction. However, we
include an additional constraint to ensure the object remains on the table by maintaining
its height (z-coordinate) close to the initial value, preventing the agent from pushing the
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object off the table or lifting it. Furthermore, we enforce that non-goal objects stay in
place, and therefore not be moved more than our predefined threshold like in the reach
task. The action verbs used in this task are “push”, “move”, and “shift”.

A 4n 4

H

Figure 3.14: The figure demonstrates the push behavior, showing the agent randomly
selecting a direction to move the green goal object (from left to right).

Grasp In the grasp task, the agent must position the goal object within its gripper and
maintain a hold. Technically, we detect successful grasping by verifying contact between
the object and both gripper fingers. While this does not prevent the agent from lifting the
object, it is not a required condition, simplifying the problem for the agent to solve. For
the non-goal objects, similar restrictions hold as mentioned in the reach and push setting.
The verbs used in this task are “grasp”, “grip”, and “grab”.

Figure 3.15: The grasp behavior visualized from left to right. The agent is reaching for
the orange object and grasping it.

Lift For the lift task, the agent needs to place the goal object between its fingers and
raise it to a predefined target height sampled from U(Ocm, 10cm). Following previous work
on robotics task design (Plappert et al.; 2018), in one-third of the cases, the agent does
not need to lift the object, facilitating easier exploration. The instructions for this task
contain the verbs “lift”, “raise”, and “hoist”.

« .

Figure 3.16: Demonstration of the agent successfully lifting the green cuboid while avoiding
contact with other objects.
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Multitask Setup We additionally implement a multitask setup that combines the pre-
viously listed tasks into a joint setting with various levels of difficulty:
* Fasy: reach and push

* Medium: reach, push, and grasp

* Hard: reach, push, grasp, and lift
No explicit task identifiers are incorporated into the environment state. Tasks are distin-
guishable solely by their corresponding action verbs used in the instructions. For each new
episode, a task is uniformly selected from the distribution of tasks.

Task Options We offer various options to create task variations. In all settings, there
are 2 to 3 objects on the table that need to be manipulated according to the task. Object
properties can be modified, expanding the vocabulary and the combinatorial space of pos-
sible instructions. The four features and their possible values are summarized in following
listing:

* color = {red, green, blue, yellow, purple, orange, pink, cyan, brown}

* shape = {cube, cuboid, cylinder}

* weight = {light, heavy}

* size = {small, medium, big}
We depict the implemented options as property combinations in Table 3.1, listing the
amount of individual words within the resulting vocabulary and the unique number of
instructions considering 3 task-specific action verbs. Default properties are assigned if no
specific option is selected, always including three colors {red, green, blue}, the cube shape,
the light weight, and the medium object size.

Combination Colors | Sizes | Shapes | Weights | #instructions | #words
Default 9 9
Color v 27 15
Shape v 45 12
Weight v 33 11
Size v 45 12
ColorShape v v 117 18
WeightShape v v 87 14
SizeShape v v 108 15
ColorShapeSize v v v 234 21
ColorShapeWeight v v v 195 20
ColorShapeSize Weight v v v v 312 23

Table 3.1: Overview: Single Task Options

Individual properties are provided as one-hot encodings concatenated to the overall
MDP state information of an object (see beginning of Subsection 3.4.1) in the following way:

+ |color| |[shape|
Sobj - (Sobj7Ocoloraoshapeaosize)v where Ocolor € {Oa 1} » Oshape € {Oa 1} ) and Osize €
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{0, 1}|Size|. Again, we place specific emphasis on the missing oyeignt, that we purposefully
exclude to require active exploration by the agent in order to infer the mass of the objects.
All of the tasks can be initiated with one of the combinations from Table 3.1, where one
additionally specifies the number of objects on the table.

Different task options influence the number of words in the vocabulary, and thus the
number of unique instructions the agent observes. However, some properties are more
demanding to learn because they require direct interaction with the objects and cannot be
observed (e.g., Weight), are difficult to ground due to the sheer number of instruction com-
binations (e.g., Color), making it easy to misinterpret the instruction (e.g., ColorShape),
or require special treatment of the sensor signals as they are too subtle to sense and too
insignificant to see (e.g., SizeShape). The multitask setting implements task combinations
by simply summing the number of action words with the instructions from Table 3.1.

3.4.2 Formal Grammar Description of Goal Instructions

Inspired by Chevalier-Boisvert et al. (2019), we generate goal instructions using a semantic
grammar with fixed sentence positions for the action verb, as well as the primary and
secondary attributes. Properties are ordered to maintain language correctness or closest
colloquial usage. For instance, it is more common to say “Lift the blue cube” than “Lift the
cube blue”. Table 3.2 lists the primary and secondary word sets for each combination. We
omit the listing of threefold combinations, as they are composed of twofold combination
pairs. For example, the option ColorShapeSize is made up of ColorShape and SizeShape.

Combination Primary Secondary
Default {red, green, blue} {cube}
Color color {cube}
Shape {red, green, blue} shape
Weight weight {red, green, blue}
Size size {red, green, blue}
ColorShape color shape
WeightShape weight shape
SizeShape size shape

Table 3.2: Primary and secondary properties for the task combinations. We provide a fixed
order to retain natural-sounding instructions. Enlisted are the default sets (in brackets)
and the placeholders for the other property sets.

In Figure 3.17, we depict the Backus-Naur Form (BNF) exemplary for the “push” and
“reach” tasks, with the Color and Shape options listed.

3.4.3 Pixel-based Observation

LANRO also provides a partially observable MDP (POMDP) setting with pixel-based
observations. In this setup, the agent receives limited world state information through a
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(INSTRUCTION) | (TASKVERB) (ARTICLE) (OBJECT)
(OBJECT) E (COLOR) (SHAPE) | (SHAPE) object | (COLOR) object
(SHAPE) = cube | cuboid | cylinder
(COLOR) E red | green | blue | yellow | purple | orange |
pink | cyan | brown
(TASKVERB) |= (reach | touch | contact) | (push | move | shift)
(ARTICLE) |= the

Figure 3.17: Backus-Naur Form for our instruction set inspired by Chevalier-Boisvert et al.
(2019) — adopted from our prior work Roder and Eppe (2022).

camera, making the aforementioned explicit encoding of object properties unnecessary, as
the agent can directly observe the color, shape, and size properties. The vision input is
an RGB image observation o, € RV*H#*C where W = 84 is the width, H = 84 is the
height, and C' = 3 are the color channels, yielding o, € R¥*84*3 This observation is
provided by either a virtual camera mounted to the agent for an egocentric perspective
(see Figure 3.18a) or a static camera view for an overall scene view (see Figure 3.18b).
While vision inputs create a more realistic setting, they might also increase the task’s

e

!
n

I
(a) Egocentric (b) Static
Figure 3.18: Examples from our POMDP setting in LANRO, with the egocentric view to
the left (a) and static perspective to the right (b).

difficulty. The majority of this thesis focuses on the fully observable MDP setup, unless
noted otherwise; for instance, in Subsection 4.9.5.
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3.5 Experiments

The following section provides the initial experimental results for our former and new
baseline algorithms in a selection of tasks proposed in our LANRO environment. In
addition, we highlight the different language encoders involved to process the lingual goals.

In this section, we provide the initial results first published in our work Roder et al.
(2022), and more recent ones from our language-conditioned baseline Language-Conditioned
Soft Actor-Critic (LCSAC), coming with this thesis. The former experiments exclusively
included results for the reach task and a limited amount of task option variations. In
the corresponding Subsection 3.5.1, we employ the LCSAC using the GRU as a language
encoder in combination with the dense word embeddings. In the following, we will exclude
further examination of the one-hot encodings (see Section 3.2.3) as we demonstrated those
to be inferior to the dense embeddings for our setting in Roder et al. (2022).

With Subsection 3.5.2, we present the latest results we obtained after the aforemen-
tioned publication. This section provides a comprehensive empirical study on a vast selec-
tion of tasks, including many variations, employing the algorithm Language-Conditioned
DroQ (LCDroQ), which replaces the former LCSAC baseline and will be presented in
detail in Subsection 5.5.2. We highlight all the introduced language encoders from Subsec-
tion 3.2.4, employing the dense embeddings from Section 3.2.3. These results are addition-
ally complemented by further findings provided in Section B.1. Both sections evaluate the
language grounding capabilities across a selection of tasks to demonstrate the limitations
and challenges of learning instruction-following from sparse rewards.

3.5.1 Initial Experiments

This section presents the experimental results of our prior work in Roder et al. (2022).
It uses an older version of LANRO? and our code base’. For all the experiments, we
exclusively employ the GRU (see Section 3.2.4) as the language encoder and train our own
word embeddings from scratch (see Section 3.2.3). Furthermore, the setup only contains
two objects on the table.

Figure 3.19 illustrates the reach task, where we display the average success rate (y-axis)
of the agent in relation to its number of environment interactions on the x-axis (timesteps).
The simplest task, using the Default mode, hence the setup with the colors red, green, and
blue, the shape cube, the size medium, and the weight light (see Section 3.4.1 for the full
list of task options), achieves an almost perfect success rate after 1le6 environment steps.
As the task complexity increases, incorporating more colors and shapes (where the Color
option extends the range of colors by yellow, purple, orange, pink, cyan, and brown and the
Shape option extends the object shapes by cuboid and cylinder), it takes longer to observe a
performance increase in comparison. Expanding the possible object property combinations
not only enlarges the space of object observations but also increases the vocabulary used
to refer to the goal object. Figure 3.19d with the additional colors and shapes, where the

Zhttps://github.com/frankroeder/lanro-gym/tree/icd12022
3https://github.com/frankroeder/hipss
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option ColorShape combines the previously mentioned Color and Shape options, presents
the greatest challenge; with its even higher number of object property combinations, our
baseline LCSAC barely exceeds the success rate of 0.4. This is particularly challenging for

£0.38 £0.8
» 0.6 » 0.6
5 0.4 S 0.4
20.2 —— LCSAC 20.2
0'00.0 2.5 00 0 5
timesteps 1le6 timesteps 1e6
(a) Default 2 (b) Color 2
£0.38 £0.8
» 0.6 » 0.6
“é 0.4 °§ 0.4
20.2 =0.2
0.0 0 5 0.0 0 5
timesteps 1le6 timesteps 1e6
(c) Shape 2 (d) ColorShape 2

Figure 3.19: We present the results of the reach task using the language-conditioned Soft
Actor-Critic algorithm (LCSAC) from our prior publication (Roder et al., 2022). Each
graph shows the number of environment steps (x-axis) and the average success rate (y-axis)
for the options Default, Color, Shape, and ColorShape (see Table 3.1). The shaded region
depicts the 90% confidence interval of 5 random seeds.

state-based representations because the indicator vectors within the observed states that
prescribe object properties do not provide any hints on similarities (see Subsection 3.4.1).
Consequently, learning word meanings becomes a one-to-one mapping to property words
related to property encodings as part of the state observation. In the pixel-based setting,
contrasting words that map to similar object representations would yield different results.
For example, a “red” and “orange” object are more similar than a “red” and “blue” object
because their RGB values are also more alike. The state-based setting cannot exploit
these regularities of the input data, making it more challenging to learn. The learning
curves presented in Figure 3.19 require millions of timesteps, which illustrates the problem
of sample inefficiency in grounding language based on sparse rewards. In the following
Chapter 4, we study approaches to address this shortcoming (Roder et al., 2022).
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3.5.2 Full Experiments

In this section, we provide a comprehensive experimental overview with the latest version
of LANRO and our latest LCSAC extension incorporating DroQ (LCDroQ) (Hiraoka
et al., 2022), that we will present later in Subsection 5.5.2. Unlike in our paper Roder et al.
(2022), we explored two more types of language encoders, namely the aforementioned MLP
(see Section 3.2.4) and the self-attention (see Section 3.2.4).

Single Task Experiments The following experiments demonstrate the performance of
our new baseline LCDroQ (see Subsection 5.5.2) in its default setting with the different
language encoders presented in Subsection 3.2.4, and the dense word embeddings of Sec-
tion 3.2.3. All the tasks contain 3 objects on the table, in comparison to the 2 objects used
in the prior setup of Subsection 3.5.1.

In Figure 3.19, we observe that the Default settings converge relatively quickly for
the reach and push tasks, while the grasp and [ift tasks achieve an overall lower success
rate (1st column with Figures 3.20a, 3.20f, 3.20k and 3.20p). We attribute this to the
more challenging nature of the grasping motion, which requires precise placement of the
end-effector above the object, opening the gripper to an extent that allows the object
to fit between the fingers, and then closing them precisely. Furthermore, lifting an object
requires carefully placing the object between the two fingers and making an upward motion
while adjusting the forces to avoid dropping it with insufficient strain, or pressing too hard,
causing it to slip out of the fingers. As expected, the learning difficulty increases with the
number of colors and shapes (2nd and 3rd column in Figure 3.20).

The Color option adds 6 additional colors on top of the Default setting, resulting
in 9 colors for the agent to manage. As language instructions are uniformly sampled,
the learning is challenged by encountering all the colors independently and identically
distributed right from the start, making it more difficult to ground them based on rewards
only. This is evident from the additional time it takes to reach a success rate close to
that of the Default setting. For the reach tasks, all language encoders achieve a success
rate of values greater than 0.8, but only after an order of magnitude more timesteps than
the setting in the 1st column (see Figure 3.20b). In the experiments for the push task,
we observe a similar tendency (cf. Figure 3.20g), although the average highlights the self-
attention mechanism as slightly superior to the MLP and GRU. Both the grasp and [lift
tasks achieve a much lower average success rate for the Color option. In the case of the
grasp task, the success rate plateaus at 0.25, which is less than half the performance of
the Default setting (comparing, e.g., Figure 3.201 to Figure 3.20k). Lifting objects yields
almost similar results, with the overall performance dropping to approximately a success
rate of 0.2, half the performance of the Default setting, while the GRU encoder performs
worse than the other encoders (cf. Figure 3.20q).

Although the color setting provides more word variations (2nd column of Figure 3.20),
making grounding more challenging, the Shape option (3rd column) primarily increases
the challenge of behavior control with different types of physical object shapes. The reach
task can converge to the optimal success rate of 1.0 with all encoders, requiring 20 to 60
million timesteps in total to achieve this (see Figure 3.20¢). For the push task, it takes the
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full amount of timesteps reserved for training to achieve a success rate close to 0.8 for all
language encoders (see Figure 3.20h). We assume this to be part of the task of pushing
different kinds of objects on the table, which all yield different physical dynamics when
being moved. Grasping different types of shapes is also more challenging, as shown by the
slightly worse success rate of the self-attention encoder, but overall close and better for the
MLP and GRU encoders (see Figure 3.20m). While the self-attention language encoder
yields marginally better performance in the lift task with the Shape option, both the MLP
and GRU encoders show slightly inferior results. The self-attention encoder reaches a
plateau at a success rate of 0.2, less than half of the performance achieved in the Default
setting (see Figure 3.20r).

In the case of objects with different weights (4th column, Figures 3.20d, 3.20i, 3.20n
and 3.20s), the agent must interact with them to sense the sensorimotor differences, hence
the sensor signals and the actions applied. This highlights the importance of embodiment
in a closed-loop setup to explore the mass of the present objects to identify the goal object.
The reach task in Figure 3.20d is a little bit worse than the Default setting in Figure 3.20a.
We attribute this to the task requiring minimal interaction, and slightly touching an object
to sense its weight might be enough, leading to a marginal lower success rate where this
weighing of the object occasionally fails. Pushing objects requires greater involvement
from the agent, possibly moving the objects too much when trying to sense the weights,
resulting in a 0.2 to 0.4 lower success rate when learning, with minimal differences among
the language encoders (see Figure 3.201). In Figure 3.20n, we depict the task of grasping
the objects and identifying their weight, which requires a certain amount of lifting. The
success rates of all encoders approach similar values to the Default setting but are slightly
more stable. When tasked with lifting (see Figure 3.20s), detecting mass differences is
particularly challenging when objects are lifted too far. The agent may struggle to restore
the objects to their initial positions, leading to lower success rates of approximately 0.2
for the GRU and the MLP, and up to 0.35 for self-attention, in comparison to the Default
setting in Figure 3.20p.

For the tasks with different object sizes (5th column, Figures 3.20e, 3.20j, 3.200 and 3.20t),
the behavior required to manipulate the objects changes drastically. While the results in
the reach task perform quite similar to the case with the varying shapes (see Figures 3.20c
and 3.20e), the push task seems to provide a harder challenge (see Figures 3.20h and 3.20j).
Grasping requires the robot to adjust its gripper according to the mentioned size of the
object, resulting in a more difficult task, as indicated by the overall lower success rate of
0.2 (see Figure 3.200), compared to Figure 3.20m, the setting with different shapes. A
similar decline can be observed in the case of the lift task depicted in Figure 3.20t, where
the GRU and the MLP drop to values of 0.1, while the self-attention encoder drops only
to a value of 0.2.

In Section B.1, we provide further experiments on the task with 2 objects that are
slightly easier and follow the setup of Roder et al. (2022) as a suitable comparison.
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Figure 3.20: The figure compares the different types of language encoders that we use in
our language-conditioned RL baseline LCDroQ, namely MLP, GRU and self-attention (cf.
Subsection 3.2.4). Each graph shows the number of environment steps (x-axis) and the
average success rate (y-axis) for 3 trials, with the shaded region being the 90% confidence
interval. Illustrated are column-wise, from left to right, the Default, Color, Shape, Weight,
and Size options from Table 3.1, where we have the tasks reach, push, grasp, and lift in

each row of the figure.



Multitask Experiments Figure 3.21 showcases the average success rate for our lan-
guage encoders within the multitask setup of our LANRO environment. As presented in
Subsection 3.4.1, the easy settings in Figures 3.21a to 3.21e combine the reach and push
tasks, which are equally likely to be selected at the beginning of each episode. The same
holds for the medium and hard multitask settings in Figures 3.21f and 3.21h, with their re-
spective task distributions (cf. Section 3.4.1). In the case of the easy multitask setting, we
observe the Default and Weight options (see Figures 3.21a and 3.21d) converge within our
100 million timestep budget, with success rates of 1.0 and 0.8, respectively. In the Color
setting (see Figure 3.21b), grounding both tasks seems to be accompanied by intra-task
transfer, as learning the push task alone does not yield this success result for the case of
the MLP encoder (see Figure 3.20g). For the other language encoders, this setting appears
to be limited by the difficulty of learning to push, compared to the single-task setup in Fig-
ure 3.20. The success rates are very similar, but worse in comparison to the former reach
performance. For the Shape option (see Figure 3.21c¢), the MLP encoder, closely followed
by the self-attention, can exploit intra-task transfer, highlighting the challenge of control
rather than coping with an extended vocabulary. For the Size option in Figure 3.21e and
the Default setting in Figure 3.21f, there are almost no success rate differences for the 3
language encoders. However, the Size option for the medium task in Figure 3.21g reveals
a difference of up to 0.25 in terms of the success rate, with the MLP language encoder
leading. Figure 3.21f shows that all encoders reach a success rate value of 0.6, which sug-
gests that the agent fails to learn the grasp task that is part of this configuration compared
to the easy setting in Figure 3.21a. The same applies to the hard setup in Figure 3.21h,
where the agent additionally fails to also solve the lift task. We have presented a selection
of multitask experiments and provide the full range of results in Figure B.5 of Section B.1.
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Figure 3.21: Comparison of our different language encoders across various multitask envi-
ronments (easy, medium, and hard) with different options (Default, Color, Shape, Weight,
and Size) showing the average success rates (y-axis) over environment steps (x-axis) from
3 random seeds with the shaded area depicting the 90% confidence interval.

3.6 Summary

This chapter introduced our language-conditioned RL benchmark LANRO, to investigate
the challenge of language grounding with sparse rewards in a robotics setup. It offers a
selection of tasks with a wide variety of options to alter the number of object properties
and resulting words observed. In addition, we provide results for a language-conditioned
Soft Actor-Critic baseline LCSAC, based on our previous work (Roder et al., 2022), as a
basis for the remainder of the experiments in this thesis. Furthermore, we brought forward
results for our novel baseline in Subsection 5.5.2 on the language-conditioned Dropout
Q-functions approach, termed LCDroQ. With this chapter, we can positively answer
Research Question 1 by modeling a challenging language grounding environment for
continuous control in robotics that could be solved by well-established RL algorithms such
as SAC and a custom extension of it.
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Chapter

Hindsight Language Learning

This chapter investigates the concept of learning from failures in hindsight. Failures occur
when the learner is unable to achieve a proposed goal. While goal-directed behaviors imple-
ment the flow from goals to actions, learning from failures enables the learner to derive the
goal from a given behavior, essentially reversing the process. Coming up with appropriate
language goals for an observed behavior can be challenging. These goals can be extrinsically
assigned by a caretaker as a form of feedback, or they could originate from an internal
process of the agent’s imagination. Both types of guidance reinforce language grounding
through sensorimotor experiences, representing two distinct approaches. In this chapter,
we present our implementations of these mechanisms, which are inspired by developmental
psychology, and demonstrate how they improve the sample efficiency of a learning robotic
agent.

Human communication is noisy and full of pitfalls that lead to misunderstandings,
which, when not resolved appropriately, result in undesired outcomes. Humans are pro-
ficient at identifying such circumstances by correcting, adapting, and even learning from
these unintended situations. To date, such conversational settings present many challenges
for intelligent agents, like robots. Although these misconceptions could originate from a
lack of grounded language (Bisk et al., 2016), intelligent agents struggle to adapt or learn
to proactively prevent these mistakes. In the remainder of this work, we expand upon
the concept of language-conditioned reinforcement learning introduced in Chapter 3 and
frame this challenge as a verbal/nonverbal dialog between an agent and a human. In our
case, a synthetic caretaker takes on the role of the human, providing language goals
verbally, whereas the robot attempts to satisfy them through purely nonverbal physical
interaction with the environment (Trott et al., 2016).

As a primer for how such an interaction looks when the agent gets something wrong
and the caretaker possibly intervenes, consider the scenes in Figure 4.1 with the green
(@) and red apple (@). In step 1, the caretaker instructs the agent to “Hand the green
apple”, providing the language goal g, for the agent to follow. Due to the acting policy
confusing the colors or simply targeting the closer apple, step 2 results in the agent not
receiving the expected reward because of handing the incorrect object. There are now
two possibilities covered by the approach we present in this chapter. First, the lack of
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reward leads to step 3a, where the caretaker recognizes that the behavior diverged from
the intended outcome and provides an appropriate language goal retrospectively, which the
agent utilizes for learning. In the second case (step 3b), we depict the internal monologue
of the agent, where it generates a language goal as a retrospective positive example for
learning by itself.

Hand me the green
apple, please!

>

Caretaker Agent external
feedback

internal

3a \6 @ 3b feedback @
Ehm, right ..., hand me Ah, I handed
the red one

the red apple, please! )
() ‘

—

o @ ©
A & /A

Figure 4.1: We illustrate the example of both the externally and internally prescribed
language goals for the undesired outcome. In step 1, the caretaker utters the instruction
“Hand me the green apple, please!”. However, in step 2 the agent fails to follow this
goal and hands over the red apple instead. Wondering why there is no reward, the agent
is left with two options to learn from this failure. For step 3a, the caretaker recognizes
this mistake and provides a positive learning experience for the agent by retrospectively
changing the goal instruction to one that fits the behavior, in this case, treating it as if
it were the intended outcome. Without any external caretaker guidance, in step 3b, the
agent generates an appropriate goal instruction by itself that fits the executed behavior,
thus providing a positive learning experience via self-speech.

The two cases highlight the notion of reconsidering an outcome with a different context,
hence a different goal. This is beneficial as the agent failed to follow the original instruction

of handing the green apple but still ended up performing sensible actions by handing the red
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apple instead. An object, which is an “apple”, was “handed”, matching already large parts
of the actual language goal. However, the agent simply failed to identify the correct color
“green”, essentially a single word of the instruction, possibly due to the lack of grounding.

For the remainder of this work, we assume that the human communicates verbally,
while the agent reacts nonverbally through physical actions. Therefore, the human can
only discern if the agent misunderstood an instruction when its behavior diverges from
the human’s expectation. The relationship between the goals, potentially coming from the
space of all language phrases, and the resulting behaviors can also be expressed in terms
of probabilities. Here we list the cases for the instruction-following and hindsight behavior
labeling:

* How likely is the policy to generate a behavior given the goal: p(7 | g¢)

* The probability of the goal given the behavior p(g, | 7), utilized to search for poten-
tially alternative goals g,

We posit that this bidirectional relationship is a result of embodied language under-
standing, as language in this case always refers to behaviors in the physical world and the
other way around. An alternative approach to conceptualize this relationship is through
the metric of mutual information 7(X;Y"), quantifying the mutual dependence of two ran-
dom variables X and Y. In our case, it intuitively quantifies how much we can infer about
the behavior trajectory 7 if we know the language goal g, and vice versa, I(7; g,). Hence,
we aim for a policy that reliably follows instructions (agent) and a mechanism that assigns
with a high probability the correct goal instructions to behaviors (retrospective expert
labeling or egocentric speech).

In our review Roder et al. (2021) and Section 1.4, we outlined that large parts of
learning in the early phases of childhood are, simply put, primarily driven by goal-directed
behaviors (Kaelbling, 1993), imitation (Paulus, 2014), and intrinsic motivation (Schmidhu-
ber, 2010; Colas et al., 2019; Roder et al., 2020). Agents that comprehend the bidirectional
relationship between language and behaviors can creatively set their own goals and come
up with novel target configurations to explore the world (Colas et al., 2022).

While the aforementioned mechanisms in the earlier developmental stages function
without actively exploiting language mentally or verbally to its full potential, the later
phases of grounding seem to introduce a kind of structure into the continuous sensori-
motor space by assigning symbols. In other words, discrete and concrete word meanings
are assigned to specific subspaces of the physical/behavior space. For instance, a child
recognizes that grasping is a specific concept that is almost always the same, regardless
of what is being grasped. Language aids in the categorization of experiences (Rosch,
1978), facilitating the mind’s ability to process and recall information. It also enables
and improves cognitive processes through planning, imagination, mental simulation, and
reasoning, where language functions as a kind of tool (Vygotskij, 1985; Colas et al., 2022).
Language is also inherently compositional by nature. Altering a single word could change
the entire meaning of a sentence, as in the previous example with instructions referring to
the “red” or “green” apple (see Figure 4.1). The structure of language allows for ground-
ing the meaning of individual words as part of a more complex sentence, like the following
instruction:
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“Mowve the red box to the green area next to the blue box.”

Understanding this relies on cognitive capabilities that take into account the physical-
world experiences to interpret the compositionality of temporal and spatial relationships
between the actions, objects, and locations mentioned. One might assume that if an
intelligent agent is able to solve the tasks “grasp the red cube” and “push the blue cube”,
it could also execute the tasks “push the red cube” or “grasp the blue cube”. The colors
should not influence the understanding of which motion to execute; they should result
in different representations independent of it. While we simply swap out the verbs for
the corresponding goal objects, thus changing the composition of words, intelligent agents
still struggle with this type of out-of-distribution (OOD) data samples. Exploiting the
compositionality of language in the context of language-conditioned RL requires additional
effort (Eppe et al., 2016; McCallum et al., 2023), e.g., by implementing helpful inductive
biases or providing manually engineered representations (Spilsbury and Ilin, 2022).

The type of generalization that we are referring to is known as systematicity. Humans
are capable of understanding sentences that they have never encountered before by system-
atically combining known concepts in a compositional manner (Hupkes et al., 2020; Hill
et al., 2020). As an example, consider the sentence “a green elephant with a birthday hat”;
most people could easily comprehend and also visualize it by combining familiar concepts
(see Figure 4.2 for an example).

Figure 4.2: We depict “a green elephant with a birthday hat”, generated with DALL-E
3 (Ramesh et al., 2021). The model shows the individual parts related to the prompt,
hinting at compositional capabilities.

The work of DALL-E (Ramesh et al., 2021) shows that current machine learning sys-
tems are able to capture relationships between words and concepts, and can “creatively”
combine them. In this case, an elephant as a type of animal with a green-colored skin
and a birthday hat is depicted in the style of a comic. The elephant is smiling, wearing a
colorful hat with confetti in the background, appearing to enjoy and celebrate its birthday.

Imagination could potentially enhance an agent’s language grounding abilities and fos-
ter learning from undesired but still educational outcomes, such as the one from our ex-
ample in Figure 4.1. Educational outcomes are those considered by hindsight learning,
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a method to learn from failures by imagining them in a different context. We assume
systematicity to be a cornerstone for zero-shot and hindsight learning, as an agent could
employ deductive reasoning to solve unseen problems or imagine as many hindsight goals
as necessary to improve grounding. Hindsight learning has been a crucial concept in goal-
conditioned reinforcement learning (Subsection 3.2.1). The work of Hindsight Experience
Replay (HER) by Andrychowicz et al. (2017) enabled the successful completion of various
sparse reward robotic tasks, such as those found in the Gymnasium Robotics environments
(Plappert et al., 2018; de Lazcano et al., 2023). However, applying hindsight learning in
the language domain has different requirements that we will reveal in the following sections.

4.1 Related Work

The upcoming section discusses recent work that employs the concept of hindsight learning
in sparse reward settings, with a few exceptions considering linguistic goals.

Hindsight learning enables the repurposing of past experiences to essentially learn from
failures. This is particularly valuable in robotic applications, where the process of collecting
data can be costly or dangerous. Rather than discarding the “unsuccessful” trials, this
approach modifies generated behavioral trajectories to extract useful learning signals. In
the following, we will highlight publications that utilize hindsight instructions, which are
relevant to the language-conditioned setting of this thesis.

In the work from Jiang et al. (2019), the authors propose a hierarchical reinforcement
learning approach called Hierarchical Abstraction with Language (HAL). HAL em-
ploys language to generate subgoals based on the overall environment goal, a complex goal
instruction. The approach employs two policies: a high-level policy that decomposes the
extrinsic language goal instruction into simpler lingual subgoals, and a low-level policy that
solves these subgoals. The low-level policy carries out the environment actions, whereas
the high-level policy solely generates subgoals. This approach underpins the idea of com-
positionality, where language goals are broken into smaller components. In their work,
the authors provide instructions that direct the agent to, e.g., rearrange objects based on
their color brightness. While this represents an abstract and long-horizon task requiring
numerous actions, the high-level policy proposes subgoals to make the agent solve simpler
problems that contribute to the overall task instead. For instance, a possible subgoal might
instruct the low-level policy to switch the darkest-colored object with the leftmost one, thus
initiating a left-to-right sorting process step by step, and more precisely subgoal by sub-
goal. If the low-level policy fails to achieve a proposed subgoal, a hindsight instruction is
used to relabel the actual outcome. For instance, if the low-level policy fails to swap the
darkest object’s position with the leftmost one, but instead swaps the “red” object with
the “blue” object, this potentially useful subroutine can still be utilized to solve the overall
problem. Hindsight instruction replay aids in leveraging these “failures”. In essence, the
higher-level policy acts as if the achieved outcome was driven by the hindsight goal, i.e.,
the relabeled subgoal. To summarize, their approach exploits both the compositionality of
language and the problem structure itself to employ efficient reinforcement learning that
solves deduced easier problems that contribute to solving an overall harder problem.
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With the work on Intrinsic Motivations And Goal INvention for Exploration
(IMAGINE) the authors Colas et al. (2020) also aim to leverage the compositionality of
language to self-generate goals that the agent had not encountered during training. Such
self-generated goals could include novel color or action combinations that have individually
been seen but not in combination. It is an intrinsically motivated approach involving
a social peer and crucial design choices such as object-centered representations, gated-
attention, and deep sets. IMAGINE attempts to learn how to generate goals and model the
goal-achievement reward functions to evaluate behaviors autonomously. A peer supports
the exploration of the world by providing feedback in hindsight, generating the necessary
experiences for the agent to learn from. By learning how specific outcomes relate to a social
peer’s lingual feedback, the agent essentially learns to map achieved states to potential goal
descriptions. Learning the reward function is essentially modeling a binary classification
problem, where the agent predicts whether the social peer would have granted a reward
or not. Unlike other hindsight learning approaches, the hindsight instructions in this work
(Colas et al., 2020) are essential for learning and generated from the beginning, rather
than being a mechanism to repurpose failures, treating it as a path to making the agent
even more autonomous. Similar to a young child, the agent can propose its own goals and
extrapolate from the samples observed during training with the social peer. To summarize:
their main contribution is to show that the architecture is capable of generalizing to unseen
lingual goal compositions within an exploratory process where the agent generates and
evaluates goals predicted by itself.

Hindsight instructions also appear in other research areas, such as imitation learning
(Nair et al., 2018a) and inverse RL (Li et al., 2020a). These approaches generally em-
ploy similar notions found in deep RL and provide insights that are also useful in other
robotic learning settings. One such work is by Lynch and Sermanet (2021), who utilize
a pre-collected robotic teleoperation dataset of unrestricted play behavior (see also Sec-
tion 1.4). This dataset is harnessed for vision-conditioned imitation learning by splitting
the large behavioral trajectory of states into smaller sections, with a start state and an
end state as the goal, thus leading to a goal-conditioned setup. Additionally, a language-
conditioned subset is collected by employing human annotators to assign descriptions to
these short sections in hindsight, rather than at the time the behavior was recorded. This
language-conditioned subset makes up less than 1% of the total play dataset. Employing a
multi-context imitation setting allows training a single policy that generalizes across differ-
ent types of task descriptions, such as goal images and natural language instructions. By
encoding various task descriptions into a joint latent goal space, the model can efficiently
leverage both abundant goal image data and the scarcer language instructions. This re-
duces the need for extensive language-paired data samples, as the majority of learning is
derived from the image goals. Lynch and Sermanet (2021) showcase that a policy trained
this way can follow a wide range of instructions, even those not seen during training, and
also in different languages using BERT (Devlin et al., 2019). This is achieved by leveraging
diverse teleoperated play data and their hindsight instruction pairing method.

The approach that provides the most ideas and inspiration for our work is the archi-
tecture Hindsight Generation for Experience Replay (HIGhER) by Cideron et al. (2020).
The authors train a model to predict instructions in hindsight given particular state out-
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comes, hence learning to describe single state observations. For the training, they have

Goal: Pick the red ball

Wrong object
This object is :

Figure 4.3: Example taken from the paper by Cideron et al. (2020), showing a scene in the
BabyAlI environment (Chevalier-Boisvert et al., 2019). The agent is instructed to “Pick the
red ball”. However, it ends up with the wrong object, hence receiving the feedback “purple
ball”.

to collect rewarding episodes that entail successful pairs of state outcomes and language
goals (s, ge). Within their grid world setting, the simplified action and state space allows
for relabeling unsuccessful episodes where the agent reached a wrong goal object or ended
up at an incorrect location. Those events are identified by standing in a grid cell next
to the object or a cell providing the exact location information. Consider Figure 4.3 as
an example, where the agent originally was tasked to “Pick the red ball” but ended up
at the location of the “purple ball” instead. The input to their model would now only
be the agent in front of the purple ball, for which the prediction “Pick the purple ball” is
generated and used for hindsight learning. As a limitation, their experiments exclusively
consider the grid world environment BabyAI (Chevalier-Boisvert et al., 2019) and single
discrete state inputs. Although IMAGINE (Colas et al., 2020) and HIGhER (Cideron
et al., 2020) propose useful architectures and models for hindsight learning, they are only
applied to environments with simple world dynamics. For robotics, the core domain of this
thesis, we require a more advanced model capable of mapping complex behavior patterns
to corresponding language instructions. Many behaviors in robotics take several timesteps
to unroll and could involve complex motions or interactions with the world that cannot be
derived by looking at a single sensory state. Even in the case of the fully observable MDP
that satisfies the Markov property (see Section 2.2.1), it would not be possible to track a
behavior like grasping an object by only considering a single frame. The act of grasping
requires a sequence of states and actions, such as approaching the object, adjusting the
gripper orientation, closing the gripper fingers around the object, and lifting it. We as-
sume that it needs a method that determines if an object was grasped by analyzing the
transitions of multiple states.
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4.2 Background Hindsight Learning

The next section discusses more background on hindsight learning, which stems from the
goal-conditioned framework, and its modification for tasks involving language.

In the domain of goal-conditioned RL, hindsight learning plays a crucial role, as demon-
strated by numerous prior works (Colas et al., 2020; Lynch and Sermanet, 2021; Roder et
al., 2022; Moro et al., 2022). This concept improves the sample efficiency by enhancing the
replay mechanism of off-policy algorithms in particular, such as DQN (Mnih et al.,; 2015) in
HIGhER (Cideron et al., 2020), DDPG (Lillicrap et al., 2016) used in HER (Andrychowicz
et al., 2017) and CURIOUS (Colas et al., 2019), and SAC (Haarnoja et al., 2018) used in
HAL (Jiang et al., 2019) and decstr (Akakzia et al., 2021). In complex sparse reward tasks,
the agent typically rarely stumbles upon a solution that satisfies the goal condition. This
results in the majority of the collected experiences containing unsuccessful trials. Hindsight
learning counteracts this imbalance between “good” and “bad” experiences, repurposing
the non-rewarding ones by deriving positive learning signals from them. This is achieved
by changing the originally proposed goal under which the policy failed to complete the
task into one that actually was achieved retrospectively.

4.2.1 Goals as State

The following sections build upon Subsection 2.2.5 and Subsection 3.2.1. To begin with
the first part, we assume the goal space to be part of the state space, G C S. Consider
Figure 4.4, where the agent should push the puck to the goal location indicated by the red
colored marker within the circle. Given the failed attempt to push the puck, Hindsight Ex-
perience Replay (HER) (Andrychowicz et al., 2017) allows considering the achieved state
in the green circle, the location where the puck actually ended up, as the desired goal state
in hindsight. To make the agent believe it made the right decision, it is necessary to also
return a sparse reward with the relabeled experience. However, this approach has limita-
tions in its applicability to different robotic settings. HER assumes that we have access
to the state-to-goal mapping function from Equation 3.1 and a reward function that we
can harness at any time without actually acting in the environment (Andrychowicz et al.,
2017). The former means that goals are fully describable by state configurations, and one
could derive the underlying goal given the state with the aforementioned mapping function.
The latter refers to the hindsight replay, where we need to evaluate the reward function
for the virtual goal to replace the old reward. In the cases where we have access to the
goal-to-state mapping, we can treat every visited step of a state trajectory 7, = (s1,...Sr)
as an achieved goal in hindsight, hence as a possible candidate for replay. HER imple-
ments different approaches to relabeling, which we will explain in the following paragraph,
starting with the so-called final strategy. From a sequence of environment transitions in
an unsuccessful episode

{(507 Qo, To, S1, 9)7 cee (ST—17 ar—1,"r-1,Sr, g)}

generated by a goal-conditioned policy 7(a; | s, ¢g), following the environment dynamics
T (St41 | $¢,a¢), and the reward function R(s;, at, g), HER considers the terminal state sy
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GOAL FAILED [ )

VIRTUAL GOAL
ACHIEVED

Figure 4.4: Figure taken from the OpenAl blog post Ingredients of robotics (Andrychowicz
et al., 2017), showing the setting of the Fetch robot pushing the puck that ends up in
the wrong location (green circle), instead of the proposed goal location (red circle). For
hindsight learning, the actual outcome serves as a virtual goal achieved.

with a reward r7_; = —1 as a possible candidate for relabeling. The last environment
transition (sp_1, ar_1,77-1, ST, g) is changed the following way:

1. Replace the original goal g with g by applying the mapping function from
Equation 3.1 to get the hindsight goal § = ¢(sr)

2. Evaluate the reward function with ¢ to get the new reward 7y 1 =
R(ST—ly ar—1, ﬁ)

3. Add the relabeled transition (sp_1, ar_1,77-1, ST, §) to the agent’s replay buffer

Apart from using the last transition, HER employs two additional strategies, called
episode and future. With the episode strategy, any timestep ¢ of the episode’s state
trajectory 7, could be harnessed as a hindsight goal candidate. The goal is selected by
uniformly sampling a time index i ~ U(0,T), to determine the transition for which we
replace the state after mapping it to the corresponding goal. Therefore, the goal could be
any state, an achieved goal, of that particular episode, s; where i € {0,...,T}. For the
future strategy, we consider the states achieved after a designated timestep t. This results
in states s; coming from a specific range of the time horizon, where we uniformly sample
the time index from that interval, i ~ U(¢,T). The boundaries are the current step ¢ and
all the future ones until the episode limit of 7. We depict the general procedure of HER in
Algorithm 3, where one employs an off-policy algorithm like SAC (see Subsection 2.2.7).
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Algorithm 3 Hindsight Experience Replay (future replay strategy)

mp goal-conditioned policy E  number of episodes
D  off-policy replay buffer T  episode horizon

¢  state-to-goal mapping function

1: for episode =0,...,F do

2:  Sample initial state sg ~ py and goal gy ~ pgy

3:  for timestep t =0,...,7 —1 do

4: Sample action a; ~ m(- | s¢, g¢)

5: Take environment step s;11 ~ T (- | s, ar)

6: Compute reward r; <— R(s¢, ar, g) (see Equation 3.2)

7: Store transition D «— D U {(s, ar, rt, St41,91) }

8: end for

9: if rr == —1 then

10: Obtain achieved goal state gr <— ¢(sr) using Equation 3.1
11: Calculate hindsight reward 77— <= R(S7r_1,ar_1, ir)

12: Store relabeled transition D < D U {(s7_1, ar_1,77-1, S1,971) }
13:  end if

14:  Sample mini-batch B ~ D

15:  Update policy my according to chosen off-policy algorithm
16: end for

4.2.2 Language Goals

A limitation to HER is that it was originally designed for the aforementioned goal repre-
sentations based on states, making it nontrivial to use for the language-conditioned cases
(Roder et al., 2022) and other modalities (Nair et al., 2018b). Furthermore, not every
visited state corresponds to a valid language goal g, € Gy. To exploit the abstraction and
compositionality language provides, recent works implemented different notions of hind-
sight instruction replay (Jiang et al., 2019; Colas et al., 2020; Lynch and Sermanet, 2021).
Another specific challenge of language learning within the reinforcement learning domain
is the presence of ambiguities and out-of-distribution references. Under conditions of high
uncertainty, an agent might execute incorrect actions triggered by a misinterpretation of
the goal instruction. However, this seemingly incorrect behavior might be appropriate in a
different context, which could be nearly the same instruction that differs by only one word.
Consider Figure 4.5, where the agent is instructed to “push the blue cube” but confuses
the colors and pushes the “red cube” instead. This is a classical example where one could
exploit hindsight learning, as the agent actually achieved a sensible outcome, but just for
a different goal instruction, such as the ones of the small selection of potential hindsight
instructions listed below:

e “Push the red cube”
* “Push the red object”

* “Push the object close to you”
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This resembles a distribution of possible alternatives g, for the observed trajectory 7,
therefore one could attempt maximizing argmax, p(g; = « | 7) to get the most likely one.
The challenge now becomes how to relabel the observed behaviors with the appropriate
task descriptions (Li et al., 2020a).

"

=\ shift the piue object 4\ shift the E object

N _i .

=\ shift the blue object =\ shift the blue object

N\ -«

& -

Figure 4.5: We depict an unsuccessful episode of an already useful policy interacting with
the world (from left to right). The agent is instructed to push the “blue cube”. However,
it ends up pushing the “red cube” instead, due to a lack of grounding the color property.
This scene provides an optimal episode for hindsight language learning, as the experienced
episode is a successful one given the instruction “push the red cube”, a potential hindsight
instruction.

A remaining question is where those hindsight instructions like “push the red cube” in
Figure 4.5 are coming from. Unlike the goal-conditioned setting, there is usually no function
available that maps achieved goal states to appropriate instructions. In what follows,
we provide two approaches inspired by developmental psychology that regard caretaker
feedback and egocentric speech as sources of hindsight instructions. In the latter case, we
even present how it is possible to exploit successful episodes to basically learn a type of
state-to-language mapping function without supervision.

4.3 Methods

The following sections present the core contributions of our work Roder et al. (2022). We
demonstrate how to improve the sample efficiency of language-conditioned reinforcement
learning agents by exploiting concepts of developmental psychology.

Inspired by language development and following the ideas worked out in our previous
review article (Roder et al., 2021), we propose two implementations inspired by the con-
cepts of caretaker feedback and egocentric speech. In the former setup, a teacher entity
provides guidance through language, like the feedback of what just happened, but only for
a small selection of rewarding states. This allows the agent to correlate its sensorimotor
experiences with the language provided by the caretaker. The latter approach is inspired
by the egocentric speech that children use to comment on or explain to themselves what
they are doing or about to do (Piaget, 1926). Using this for learning requires grounded
language and some natural language generation capabilities. Although toddlers are not
always grammatically correct with their narrative speech and make mistakes, this intrin-
sic self-supervised process still ameliorates language acquisition for instruction-following.
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Both of these examples are illustrated in Figure 4.1, with the caretaker feedback following
step 1, 2, and 3a or 3b for the case of egocentric speech.

Like the prior implementations (Jiang et al., 2019; Akakzia et al., 2021), we consider a
policy that receives as input the current state and an episodic language goal (as introduced
in Subsection 3.2.2). Initially, the agent is very unlikely to solve the task and needs to
explore the environment. One major difference from previous work (Jiang et al., 2019;
Akakzia et al., 2021) is that we consider two different origins of the correct instructions in
hindsight that would have been the appropriate goal for the unsuccessful episode. Instead
of only relying on expert feedback or an oracle function, like the state-to-goal mapping
(cf. Equation 3.1), we show, similar to Cideron et al. (2020), how to autonomously predict
those instructions.

4.4 Expert Feedback

This section presents the first method of hindsight language learning based on feedback from
a synthetic caretaker.

The idea of a social partner or caretaker is very present in current language-conditioned
RL papers (Colas et al., 2020; Akakzia et al., 2021). It also relates to works on interactive
RL (Cruz et al., 2015; Nguyen et al., 2021; Xu et al., 2022), where a teacher entity provides
guidance to the learner. However, interactive reinforcement learning is far more similar to
language-assisted than language-conditioned RL, as the teacher’s feedback is optional and
can also be ignored. The implementation of Jiang et al. (2019) first mentions hindsight
instruction replay being used for language-conditioned RL, by relabeling a state outcome
with an appropriate language goal a posteriori. Similarly, in the work of Colas et al. (2020)
and Akakzia et al. (2021), they employ a social partner that supports the intrinsically
motivated exploration phase of the agent by returning language explanations for achieved
outcomes.

Following these ideas from prior work has led us to our first approach, coined Hind-
sight Expert Instruction Replay (HEIR) (Roder et al., 2022). Like the aforementioned
approaches, HEIR exploits a function akin to the state to goal mapping, provided by the
environment, that returns language goals for achieved goal states. For our instruction set-
ting, this could be described as a probability distribution of equally likely language goals
given a trajectory, p(g, = = | 7), where z is an instance coming from all the trajectory-
related language instructions generated according to the grammar in Figure 3.17. This can
be thought of as a synthetic caretaker embedded into the LANRQO environment, that, for
each object interaction or other rewarding state outcomes, samples a possible hindsight
goal instruction g, ~ p(- | 7) and returns it to the agent. This is illustrated in Figure 4.6,
where the caretaker is describing what the agent did by providing the feedback in hindsight.

However, it requires additional effort to implement such a teacher-like entity and the
mechanism to trigger the feedback. We assume this setting to be the contrived perfect
case of hindsight language learning, as those goals are generated by the semantic grammar
of the environment itself. Similar to HER, we introduce three replay strategies in the
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-~ You handed
k’/ \\\ the red apple.
hindsight
M 6 expert é
Caretaker Agent feedback

Figure 4.6: Upon handing the red apple to the caretaker (left box), the agent receives the
hindsight goal instruction, e.g., “Hand the red apple” as feedback (right box). Similar to
the idea of a social partner proposed in Colas et al. (2020) and Akakzia et al. (2021).

following Section 4.5 that account for different points in time when the transition should
be replayed, compared to when the failure happens.

4.5 Replay Strategies

In the following, we outline various strategies for replaying instructions in hindsight.

In HER (Andrychowicz et al., 2017), the authors proposed several replay strategies
one can employ for hindsight learning. They differ in terms of the exact moment one
considers a transition to be rewarded. In the following, we provide a description of our three
implemented strategies called future, episode, and final for the language-conditioned
case (Roder et al., 2022), that are different in many cases from those used in HER. These
strategies are complemented by a parameter k, the number of transitions one considers
replaying per episode. For example, not only the final transition is relevant for the hindsight
goal, but also the predecessors that led to it or the successors that also constitute the desired
state.

We illustrate this with the help of Figures 4.7 to 4.9, where we depict the original goal
object in red and the virtual goals achieved in hindsight as green objects. We consider the
“push” task, where the agent needs to move the object a certain distance. The agent starts
at an initial position depicted by the flag and goes through changes in its sensor state (s;),
exemplified by the gripper, by taking actions. The episode is limited to contain 7" = 9
state transitions.

Future The future strategy considers transitions that happened at the timestep the
hindsight instruction was returned, and all thereafter. More precisely, given the hindsight
signal at timestep t, we consider sampling hindsight transitions at time index i for which
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t <i,wheret € {0,...,T} and thus t < i < T. Intuitively, the timestep that triggered the
hindsight transition and all the following ones satisfy the goal condition. In other words,
a stack of cubes remains stacked for several steps after the stacking has been completed,
hence the transitions where the hindsight goal is already achieved are also those with higher
state or Q-values (see Subsection 2.2.2). As we cannot guarantee the stack to hold in place,
we only provide a sparse reward of 0 at + = ¢ and a reduced penalty of —0.9 otherwise. In
Figure 4.7, we illustrate the trajectory and the future hindsight goal sampling. The flag
highlights our starting position, with the original goal as a red circle and a green circle as
a non-goal object, moved around. Considering the simplified instruction “push red”, the
agent attempts to achieve this goal but actually ends up at ss, pushing the wrong object,
namely the “green” one. As this is not the originally proposed “red” object, a mechanism
triggers the hindsight relabeling. For the wrongly touched object, a future hindsight
transition is sampled in the following way. The environment detects the interaction with
the wrong object at state s5. The following states sg and s; show how the pushing behavior
unfolds, while s; towards sg illustrate the agent turning into a resting position, avoiding
further changes to the already achieved state. The future method samples from the region
1 of states as potential hindsight transitions. As depicted by the range spanning from ¢ to
T, the transition at timestep ¢t and k additional transitions from the range i are relabeled
for learning.
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Figure 4.7: This figure illustrates the future sampling strategy. We depict the red goal
object and the green object that represents the virtual goal. The strategy considers the
state s; and following future states of the episode s5._g, resulting in the region 7, from which
we draw candidates for hindsight learning.

Episode Our episode strategy prescribes the sampling of hindsight transitions, slightly
different from HER', as the range 4, for 0 <4 < ¢t with ¢ € {0,...,7}. The main idea is
that every step taken up until the transition at timestep ¢ has in a way contributed to the

"'With the episode strategy, HER considers every state of the episode an achieved hindsight goal.
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hindsight success. We reward those transitions with a reduced penalty of —0.9 and the
actual hindsight signal at timestep ¢ with a sparse reward of 0.0

Figure 4.8 illustrates the episode strategy. Different from the future strategy, all the
episode transitions from sy to s; are considered the predecessor states that contributed to
ending up at the virtual goal s5. Intuitively, these states represent the agent approaching
the green object, hence a desired behavior for a hindsight goal like g, = “push green”.
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Figure 4.8: The episode strategy considers all transitions ¢ that happened before the
hindsight feedback was returned, i < ¢. The notion is that all the states (s<5) contributed
in achieving the hindsight goal configuration, hence pushing the green object.

Final With the final strategy, we only consider those transitions where the hindsight
signal was triggered, hence ¢ = ¢. For k£ > 1, additional transitions are selected that are
direct predecessors of the final transition as far as t — k. Those transitions are replayed
with a reduced penalty of —0.9, while the actual final step at timestep ¢ is replayed with a
reward of 0.0. In Figure 4.9, we illustrate the trajectory and the hindsight goal sampling
of this strategy. The state s5 at timestep ¢t = 5 is replayed with the sparse reward, while
with respect to the parameter k, the preceding transitions (s5_j. 5) are included with the
reduced penalty. This is different from the replay mechanism used in HER (Andrychowicz
et al., 2017), as we aim to provide a complementary version for the final strategy and
account for the differences in language-conditioned RL.

In Figures 4.18 and 4.20, we provide the experimental results for the proposed replay
strategies based on our prior work Roder et al. (2022), to evaluate which one fits our
language-conditioned setup.
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Figure 4.9: With the final strategy, we sample transitions that, at first, only correspond to
the states where the hindsight mechanism was triggered (s5) and the predecessor transitions
leading to that state, while at most go k steps back in time.
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4.6 Hindsight Bias

In the subsequent section, we highlight the problem of hindsight bias.

A shortcoming of hindsight replay and expert feedback, in particular, is that it assumes
the hindsight instruction g, would have produced a similar behavior 7 as the original goal
g¢- A fundamental claim of the notion of hindsight bias is that we cannot assume those to
lead to a similar or even the same trajectory. This drawback is known as hindsight bias,
as recently shown by Bai et al. (2021). Our language-conditioned setup involves a specific
kind of hindsight bias, as the hindsight goal cannot be directly derived from every state
visited, but only based on those where an interaction with an object occurred. Formally,
it describes a mismatch of likelihoods for the original goal instruction and the hindsight
goal, by which the agent is conditioned to generate a trajectory 7 = (sg, ag, S1, a1, ..., Sr)
(see Equation 4.1).

p(7 | g1) # p(7 | g¢) (4.1)

Like Bai et al. (2021), one could measure the bias for a provided trajectory 7, the original
goal gy and the hindsight goal g, with Equation 4.2.

B(r) = logp(7 | gy) — log p(7 | ge) (4.2)

A problem of having perfect hindsight instructions right from the start, like in the case of
HEIR, is that the policy, which is randomly exploring in the early phase of learning, only
stumbles upon a correct or a hindsight solution by chance. As the policy is still learning
to conduct the mapping from states and instructions to reasonable behaviors, the term in
Equation 4.2 is expected to be high (Bai et al., 2021).

When the learning progresses, the policy tends to make different mistakes by mixing up
properties during the goal identification, but otherwise has a reasonable behavior to solve
the task most of the time. In this case, “reach the red cube” and “reach the blue cube” trigger
a very similar behavior, but may only differ in terms of their target goal location. Being
overly optimistic with the hindsight learning in the former case could harm the learning. We
addressed this shortcoming from our previous publication (Roder et al., 2022) by limiting
the amount of hindsight instructions considered for learning. Furthermore, we now provide
a limit that at most % of the mini-batch is allowed to be replayed as hindsight transitions
(cf. Line 10 in Algorithm 2). This limits the effect of introducing an overestimation bias,
while still allowing the agent to benefit from the hindsight transitions for learning.
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4.7 Hindsight Instruction Prediction from State Se-
quences

In this section, we outline the implementation of our egocentric speech mechanism for
hindsight language learning.

It has been shown that children narrating their own activities tend to improve their
reasoning and problem-solving capabilities (Berk, 1994). In a way, it helps them ground
their language in bodily experiences and fosters language learning through repetition in a
specific context. The idea of self-narration and egocentric speech dates back to the seminal
works by cognitive scientists Piaget (1926) and Vygotskij (1985). A question that arises is:

“Does egocentric speech help children to foster language grounding, and can it help
intelligent agents to learn language more efficiently?”

In our review on embodied language understanding, we investigate the hints provided by
cognitive science and developmental psychology, and put them into the context of current
language-driven RL approaches (Roder et al., 2021). We identified implementations that
partly already contain the relevant ingredients for advanced language understanding but
have not been combined into one coherent approach. For this thesis, we focus on the
ingredients that need to be considered to enhance language grounding when learning to
follow instructions. The notion of egocentric speech has connections to self-supervision,
where agents set their own goals or describe activities to themselves. This idea has been
part of the research on autotelic agents (Colas et al., 2022), an approach of self-organization
by exploring through intrinsic motivation and proposing self-generated goals.

As already discussed in Section 4.1, we derived the idea of our implementation from the
work of Cideron et al. (2020). The authors proposed a method called Hindsight Generation
for Experience Replay (HIGhER) which predicts language in hindsight based on a single
state observation. In their setup, they utilize the well-known grid world environment
called BabyAl (Chevalier-Boisvert et al.; 2019) that is part of many works on language
grounding (Mirchandani et al., 2021; Spilsbury and Ilin, 2022; Carta et al., 2023). The
authors (Cideron et al., 2020) consider a single 7 x 7 symbolic state representation, where
the symbols correspond to obstacles, objects, their colors, their shape and other entities of
the world. Apart from the simplistic design of the state representation, the environment
provides an advanced procedure for language instruction generation (Chevalier-Boisvert
et al., 2019). However, because of the simplified state representation, HIGhER. lacks
the ability to distinguish more complex world interactions. In our case, it cannot discern
the subtleties of behaviors like pushing or sliding an object (see Figure 3.14), as it only
considers a single state observation. Furthermore, missing real-world physics limits the
agent to only learning a very narrow representation of the language, namely grounded in
static top-down views of the grid world (see Figure 4.3).

As a novel approach inspired by HIGhER and to mitigate the mentioned shortcomings,
we propose Hindsight Instruction Prediction from State Sequences (HIPSS) (Roder et al.,
2022), an autoregressive generative model that predicts, based on a history of state inputs,
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a suitable language instruction for hindsight learning. Our approach is similar to language
modeling (Bengio et al., 2003); however, we are not only conditioning on prior language but
also on a sequence of state or pixel inputs, thus following the idea of machine translation
(Sutskever et al., 2014). It might seem similar to visual question answering, but it mainly
focuses on the robot’s behavior rather than a static sensor input, accounting for the effect
of actions and the physics of the world. With this thesis, we provide two implementations
of our HIPSS approach to learn to translate a history of low-level state inputs into a
hindsight goal instruction.

4.7.1 Sequence-to-Sequence Modeling

Sequence-to-sequence (seq2seq) modeling attempts to process a sequence in the first place,
to output another sequence as a result. One of the first works employing such an encoder-
decoder architecture dates back to the paper of Sutskever et al. (2014). For the remainder
of this section, we focus on utilizing recurrent neural network (RNN) to build seq2seq
models, which we already introduced in Section 3.2.4. Main applications for such models
are machine translation (Bahdanau et al.; 2015), text summarization, speech recognition,
video captioning, and many others.

In Figure 4.10, we depict the main structure of a seq2seq model for an example trans-
lating German into English. First, the encoder, which is an RNN, processes the German
sentence “Wie geht es dir?” to output the resulting context vector. One can think of the
context vector as a condensed vector representation, encapsulating the abstract meaning of
the input sequence. Following this, the decoder, also an RNN, processes the context vector
and generates the English translation “How are you?”. This is done in an autoregressive
manner, hence word by word, generating each output step of the target sentence based on
the prior information within the context and the last word predicted.

Figure 4.10: We depict a general example of translation, employing a seq2seq model ac-
cording to the encoder-decoder architecture. As input, the German sentence “Wie geht es
dir?” is processed by the encoder to output the context vector, which serves as an abstract
representation of the input. Following this, the decoder processes the context vector to
output the English translation “How are you?” word by word.

"Wie geht es dir?—>» Encoder "How are you?"

With this section, we provide the details of our second hindsight learning approach
termed Hindsight Instruction Prediction from State Sequences (HIPSS) from our work
Roder et al. (2022). It is a model that incorporates multiple modalities to implement the
notion of egocentric speech by generating language goals based on sensorimotor experi-
ences. This approach can be conceptualized as translating sensor data into language goals,
effectively mapping from the physical space to the language space. We implement this
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by first considering an encoder that processes a sequence of states 7,, our state trajec-
tory, encoding the essential features that are necessary to describe the behavior and world
changes. The egocentricity aligns with our original motivation, as the state observations
are determined by the sensors and the embodiment of the agent itself (see Section 1.1).
The full encoder procedure involves starting with a dummy hidden state hg, hence a
memory with arbitrary content, and the very first step of the trajectory with state sg. In
Equation 4.3, we depict the formalization for a single step 7 by the encoder network.

enc(st, hj_1> = hj (43)

In general, t and j represent different notions of time. The ¢ denotes the environment steps
of an episode within the MDP framework. With j, we mark the stage of the processing
steps of an RNN and cannot, as in large parts of the literature, reuse the t here. Although in
the case of the encoder there is no difference, because it actually processes the environment
steps in the same sequential manner as they are executed by the agent. The aforementioned
function enc(s;, hj_1) recursively digests the whole input sequence. After completing this
work step, the last hidden state A, provides the context vector z, where h;, z € R% and
d, is a hyperparameter to determine the hidden state and context dimensionality. The
encoder part can be formally described as in Equation 4.4, mapping the input of length T,
like an entire episode, to the last hidden state z.

foun. : RTX™ 5 R (4.4)

Afterward, we employ the decoder described in Equation 4.5, as a function that recursively
predicts the goal instruction word by word, considering the initial context vector z = hg
and its own predictions afterward. Here we use the index ¢ to denote the decoder processing
steps to differentiate from the previous encoder RNN, but to regard the context involved
in both networks. For each word prediction w;, the last hidden state h;,_; and the last
word prediction w;_, are considered.

dec(ﬁ)i,l, hifl) = ('UA}Z, hl) (45)

We provide the formal description of a target sequence distribution given the context vector
according to Equation 4.6. Each of the target vectors in R!VI represents an unnormalized
probability distribution over the words of the vocabulary V (cf. Section 3.2.3). We normal-
ize these logits with the softmax function (see Equation 2.9), to obtain a real probability
distribution from which we sample our next-word predictions.

foue, - R — RLXIVI (4.6)

This autoregressive idea of seq2seq models is formalized by the chain rule of probability.
In Equation 4.7, we depict this procedure as the probability of the language prediction
conditioned on the state trajectory 7, = (s, S1,...,S7), hence the context vector z and
the last word prediction w;_1, with the aim to predict the hindsight goal instruction g, =
(wo, w1, ..., wr).
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L
p(wo, ..., wr | So,-..,87) = Hp(wi | z,w;) where s, € R" and w; € RV (4.7)
i=0
Each conditional probability p(w; | z,w<;) is actually the softmax distribution according
to the vocabulary size |V, derived from w; containing the logits.

The implementation of our seq2seq model solely employs the Gated-Recurrent Unit
(GRU) introduced in Section 3.2.4. We depict a more detailed architecture description of
HIPSS in Figure 4.11, which we explain in the following. For each state s; of the state
trajectory 7,, the current input is processed by an MLP followed by a GRU, that outputs a
new hidden state h; based on the past hidden state h;_;. Similar to Figure 3.7, we visualize
this by unrolling the loop connection of a single GRU cell. This hidden state provides both
the model’s output and the memory for the current processing step t. At the very first
step, we need to provide an initial hidden state hg, that is randomly initialized or filled
with zeros. In the next step, the last hidden state h; and the next state s,41 serve as input
for the next MLP and GRU combination. This continues until all instances of the sequence
are processed. As a result, the last hidden state hp, where T' corresponds to the length of
the trajectory, serves as context vector z. This context is passed on to the decoder, which
also consists of a GRU and an MLP. It provides the initial hidden state for the decoding
procedure, hence both encoder and decoder require the same hidden state dimensionality,
|h;| = |h;|]. For each step, the decoder outputs the logits for the words in our vocabulary
w;, based on the last hidden decoder state h; ; and the last word logits predictions w;_;.
For the first decoder step ¢ = 1, the last hidden state ¢ = 0 is the provided context vector
by the encoder paired with the previous prediction wy, the placeholder symbol <pad>. This
is a common way to kick-start the decoding routine, but it is also a symbol used to provide
the technical required padding for shorter sequences, hence filling them up to obtain a
mini-batch of inputs with equal length. The <pad> symbol is considered to be part of the
vocabulary |V].

We summarize the involved vectors and their dimensionality:

* Encoder input 7, € RT*" with trajectory length T and state dimensionality n

* Encoder hidden state h; € R%, where d, is a hyperparameter

* Context vector z € R% as last hidden state hy of the encoder

* Decoder input with placeholder <pad> embedding @, € RVl and encoder context z
e Decoder hidden state h; € R%, with the same hidden size as the encoder

¢ Decoder output for each step @; € RVl with i € {0,1,..., L}, representing the word
probabilities as logits

Our HIPSS model essentially defines a mapping f : R7*" — RE*IVI from a state trajectory
to a sequence of raw word probabilities (logits) when training the network. For the actual
inference, hence when predicting hindsight goal instructions, the output is a sequence of
words in R”, where L is the maximum sentence length. This is the result of transforming
the logits into distributions via the softmax function, from which we sample the word
predictions.
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Figure 4.11: In the case of HIPSS, the encoder RNN takes as input the past hidden state
hj_1 and the current Markov state s, embedded by an MLP, to generate a new hidden state
h;. When all vectors of the sequence are processed, the last hidden state hy, where T' = ||
is the length of the state trajectory, is now our context vector z, an abstract representation
of the whole input sequence. The decoder RNN takes as input a starting symbol <pad> and
autoregressively generates the sentence “push the red cube” word by word, by considering
the previous decoder hidden state h;_; and the last word prediction w;_;. Word predictions,
made by the MLPs mapping the hidden state to vectors according to the vocabulary size,
refer to logits of categorical probability distributions, that we normalize using the softmax
function. We sample from these distributions when generating a sentence. For the first
word “push”, we illustrate this as a vertical histogram for a small sample vocabulary for
illustrative purposes.

In this section, we presented the architecture of HIPSS, published in our prior work
Roder et al. (2022), which employs the seq2seq model, an encoder-decoder structure
(Sutskever et al., 2014; Cho et al., 2014; Bahdanau et al., 2015), built on recurrent neu-
ral networks, as an approach to translate behaviors to linguistic goals. Recurrent neural
networks for language processing have recently been dominated by a more advanced deep
learning architecture used in current state-of-the-art models such as BERT (Devlin et al.,
2019) and GPT (Radford et al., 2018). Those neural networks avoid the RNN memory
bottleneck of the hidden state and address the problem of retaining information for several
hundreds of processing steps. This resulted in overall greater performance across different
types of tasks and improved generalization when training on large datasets. The advanced
architecture referred to is called the Transformer (Vaswani et al., 2017) and is explained
in the following section.
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4.7.2 Transformer Encoder-Decoder Architecture

Another approach for sequence modeling tasks without recurrence is the Transformer archi-
tecture by Vaswani et al. (2017). The authors also employ the idea of an encoder-decoder
architecture that first encodes a source sentence into a sequence of real-valued vector rep-
resentations, which then gets consumed by the decoder to generate a target sentence.
However, this approach is based on the notion of attention, first introduced in the con-
text of machine translation by Bahdanau et al. (2015). The intuition behind attention
is to allow both the encoder and the decoder to focus on different parts of the input se-
quence while generating the context or the target sequence, respectively. The Transformer
architecture has found widespread application in many large-scale systems. One notable
example is the Bidirectional Encoder Representations from Transformers (BERT) (Devlin
et al., 2019), which utilizes only the encoder part to produce context-sensitive embeddings
for various NLP applications (previously mentioned in Section 3.2.3). Another variant is
the Generative Pre-trained Transformer (GPT) (Radford et al., 2019; Brown et al., 2020;
Ouyang et al., 2022; OpenAl, 2023), which only employs the decoder part for language
modeling, generating text based on an initial prompt. The Transformer has proven to be
a versatile architecture, even finding application in computer vision as a replacement for
convolutional neural networks with the Vision Transformer (Dosovitskiy et al., 2020) or
offline RL as Decision Transformer (Chen et al., 2021a).

A compelling reason to utilize Transformers in the context of HIPSS is their recent
success across nearly all time series tasks, where they significantly outperform recurrent
DNN models based on the LSTM (Hochreiter and Schmidhuber, 1997) and GRU (Cho
et al.; 2014). This superior performance is attributed to their ability to not only rely on a
compressed hidden state representation like RNNs (the context vector from the previous
Subsection 4.7.1), but can also attend to hidden representation of each input step of the
source sequence and the generated outputs of the target sequence at all times. This
capability enables Transformers to better capture long-range dependencies and achieve
overall superior performance (Vaswani et al., 2017). Furthermore, RNNs require processing
the entire sentence to, e.g., comprehend the potentially ambiguous meaning of a word like
“bank” in a sentence like in the example in Section 3.2.3.

With Figures 4.11 and 4.12, we provide a comparison of both approaches to seq2seq
modeling. In the former seq2seq approach from Subsection 4.7.1, the decoder only had
access to the context vector as the last hidden state of the encoder, encapsulating the
entire input sequence information. This is vastly different from the Transformer, where
the decoder has access to all the hidden encoder states at all times via the attention
mechanism when generating the target sequence. This is very similar to the aforementioned
self-attention from Section 3.2.4, where we calculate the relatedness of words of a single
sequence. In the case of the decoding procedure of a Transformer, we refer to it as cross-
attention when two different sequences are involved. The target predictions by the decoder
regard the sequence of encoder representations and its own predictions generated so far.

The key aspects distinguishing the Transformer architecture from previous approaches
are primarily its use of the self-attention mechanisms (see Section 3.2.4), and incorpo-
rating a combination of numerous established deep learning components into one coherent
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Figure 4.12: With HIPSS using a Transformer (Vaswani et al., 2017) instead of RNNs; the
encoder, consisting of encoder blocks, processes the whole trajectory of states sq, ..., sr,
to generate a sequence of hidden encoder states hg,...,hr. The decoder, made up of
decoder blocks, takes as input the full sequence of encoder states and initial target <pad> to
generate the first logit vector that gets mapped to a probability distribution employing the
softmax function (as illustrated by the small vertical histogram), from which the prediction
“push” is derived. Actual word predictions are made by the MLPs that map the hidden
representations to vectors according to the vocabulary size |V|. While decoding, a cross-

attention operation is employed to consider the encoder states and the decoder predictions
generated so far, indicated by the dashed lines.

architecture. Attention alone would not have determined the success of Transformers; addi-
tional parts and layers involved are the usual feed-forward network layers (MLPs), residual
connections, dropout layers (Subsection 2.1.3), and layer normalization (Section 2.1.3), to
name the most important. The Transformer model (Vaswani et al., 2017) employs these
for each sub-layer (e.g., self-attention and feed-forward layers) before the residual connec-
tion. The combination of layer normalization and dropout has been widely-used in many
deep learning architectures (Radford et al., 2018; Devlin et al., 2019; Radford et al., 2019),
stabilizing the training and improving the convergence of the model. We provide a brief
introduction to the residual connections in the following paragraph.

Residual Connection Residual connections, also called skip-connections, are commonly
used in large deep neural networks (He et al., 2016; Dosovitskiy et al., 2020; Brown et al.,
2020) to ease information flow by bypassing layers and directly propagating information.
In the following, we describe mathematically what this means for a single connection with
the input x, the residual mapping F(x), and the desired mapping H (). Instead of directly
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mapping H (z), we have:

hence
H(x)=F(z)+x

achieved through the element-wise addition (cf. Figure 4.13).

T
Dense
F(z) Re S
v identity
Dense
F(z)+ =z
ReLU

Figure 4.13: Illustration of a residual connection with two dense layers, ReLLU activations
functions, and the skip-connection (identity).

This formulation encourages the network to learn the identity function H(z) = x by
driving the output of F'(x) to zero. Residual connections help to address the vanishing
and exploding gradient problem, and have been shown to be crucial for training very deep
neural networks (He et al., 2016).

Multi-Head Attention The self-attention mechanism was previously presented as scaled
dot-product attention based on the work of Vaswani et al. (2017) to encode goal instructions
in Section 3.2.4. This formulation was a special case of the originally proposed multi-head
attention (MHA) that employs multiple sets of parameters, which we are going to explain
in this paragraph.

As a recap of the self-attention, now using matrix notation, encoding the input sequence
X € RT*" results in our query, key, and value representation of the input, where Q €
RT>xd K ¢ RT*% and V € RT™%  We can denote this in compact format according to
Equation 4.8.

Q=XWwW¢
K=XW~ (4.8)
V=XxXWwV"

To conduct the linear transformation of X, we define the trainable parameters in terms of
the projection matrices W% € R™*% WK ¢ R"*4% and WY € R™%  where n defines the
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dimensionality of the input (e.g., dembedding for word embeddings following Section 3.2.4),
T the length of the input sequence, d; the dimensionality of the query and key projections,
and d, the dimensionality of the value projections, respectively. Intuitively, one can think
of the scaled dot-product attention as a soft dictionary lookup (Murphy, 2022, Section
15.4.1). The query defines what we are searching for by moving the high-dimensional input
embeddings into a specific direction within the vector space. With the keys, we define the
information that we want the query to match; by transforming the input embeddings in
a way that they become more sensitive to their corresponding query words. For instance,
the query of the word “bank” determines how much attention this word pays to other
words, like “finance” and “sand”. Finally, the value matrix determines the amount of
input information incorporated into the original input emﬂPedding as a linear combination,
QK

according to the attention as calculated by softmax(ﬁ). The resulting function that

represents this procedure according to Vaswani et al. (2017) is formulated in Equation 4.9.

Attention(Q, K, V') = softma (QKT) 1% (4.9)
) Y = X *
Vg

In the aforementioned case of language encoding Section 3.2.4, we use the single-head
attention as a special case of the multi-head setting. Employing multiple heads allows the
Transformer to generate different contextual representations simultaneously, where each
head operates independently with its own set of query, key, and value parameters. We now
define a head by a tuple (WZQ, WE WY), where the output of a single head with index i

is defined according to Equation 4.10.

head; = Attention(QW<, KWX Vv (4.10)

The output of a whole attention block is made of the H heads as a concatenation of their
individual output matrices. Following this, the output is additionally processed by the
so-called output MLP defined by the weights W© € R¥-d*de (see Fquation 4.11), with d,
as the hyperparameter for the dimensionality of the output layer.

MultiHeadAttention(Q, K, V) = [heady, ..., headz] W (4.11)

The purpose of using multiple attention heads is that in the case of language translation,
one head might be looking at the subject of the sentence, another head at the object,
and one at the gender of the subject. In our setup using LANRO, one head might be
looking at the motion while another head is focusing on the goal object’s color or location.
Figure 4.14 illustrates the H heads and how they perform the calculation of the query, key,
and value matrices in parallel.

As the multi-head attention is a way of processing sequences by analyzing all words
simultaneously, we need a technique for the encoder to ignore placeholder symbols like
<pad> when the input is shorter than the context length 7', such as when the trajectories
of a mini-batch have different lengths. In the case of the decoder, we must prevent the
model from looking at future words by keeping its input limited to the so-far generated
outputs via the autoregressive process through causal masking. We illustrate this part of
the decoder process in Figure 4.15. The masking is implemented by setting the appropriate
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Figure 4.14: The illustration shows the multi-head attention for H heads running in paral-
lel. The dense layers (feed-forward connections) process the query @, key K, and value V'
matrices. Those are split among the multiple heads and afterwards combined via concate-
nation. The last dense layer defines the output with weights W©. Redrawn figure based
on Vaswani et al. (2017).

attention weights to —oo for the positions that should not be exposed to the decoder before
applying the softmax function (cf. Section 3.2.4 in Equation 3.16).

The overall Transformer architecture is illustrated in Figure 4.16 and shows the stacks
of Neye individual encoder blocks (left) and Nge. decoder blocks (right), encapsulated by
the gray boxes. The encoder blocks consist of stacks of multi-head attention layers with
normalization layers, followed by a feed-forward neural network layer (MLP). The encoder
is complemented by a so-called positional encoding applied to the input embeddings, as
there is no notion of order or time when using self-attention. Through this encoding
approach, the model gains the ability to detect the sequential structure of the input.
Formally, this mechanism establishes the mapping from an input sequence of sensor states
to a sequence of hidden encoder states of size d, (see Equation 4.12).

f9enc . RTxn N RTxdo (412)

The decoder part employs a multi-head attention layer, of which the first block processes
the target sequence generated so far, while the second block conducts the cross-attention
that considers both the encoder and the decoder hidden states simultaneously (as depicted
by the arrows). This leads to the formal mapping from a sequence of encoder states to the
target sequence, which is different from the RNN-based seq2seq model that only had the
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Figure 4.15: We illustrate the causal masking used within the Transformer decoder during
training. In the decoder, each word (the query) attends to other words (the keys) based on
the computed attention scores according to Equation 3.16. By setting the attention scores
of future words to —oo (depicted by the gray cells), we apply causal attention masking
that prevents each position from attending to subsequent words. This is necessary because
the attention mechanism processes the entire input sequence in parallel without inherent
sequential ordering, and we need to prevent information leakage from future words. For
instance, when processing the word “red”, the model is allowed to attend only to previous
words like “push”, “the”, and “red” itself, but not to future words like “cube”.

single context vector (see Equation 4.13).
fosee : RTX4e — REXIVI (4.13)

Ultimately, the output is sent through a feed-forward network layer, before a linear layer
and the softmax function are applied. Both blocks and the feed-forward layer are followed
by a residual connection paired with layer normalization. The final output is a vector of
size L x |V|, the length of the sentence times the total number of words in the vocabulary.
From this categorical distribution, one samples sentences either greedily, or via a beam
search algorithm, according to the chain rule of probabilities (cf. Equation 4.7).

In the following, we explain how we learn to translate MDP states into language goals,
which we use for hindsight learning in the sense of egocentric speech. The architecture
of HIPSS, for which we employ the Transformer encoder-decoder architecture, is now
referred to as Transformer-based Hindsight Instruction Prediction from State Sequences
(THIPSS).
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Figure 4.16: Illustration of the Transformer architecture, with N,. encoder blocks on the
left and Nge. decoder blocks to the right. At the bottom, we have the input and the
output embeddings to which we apply the positional encoding. Afterwards, the query,
key, and value matrices are provided as input to the multi-head attention (MHA) layers
(cf. Figure 4.14). In case of the decoder (right side), the aforementioned causal masking
is applied (not shown) to prevent looking into the future. Arrows skipping the masked
MHA are the residual connections from Figure 4.13, that we jointly illustrate with the
layer normalization from Section 2.1.3. Following, we have MLPs processing the output of
the MHA. The decoder employs another MHA layer that implements the cross-attention,
by receiving the query and key inputs from the encoder’s output. Following, the decoder
outputs a logit vector (dense layer), that gets normalized by the softmax function to obtain
the output probabilities. Redrawn figure based on Vaswani et al. (2017).
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4.7.3 Learning to Predict Hindsight Instructions

In both cases of our original seq2seq model HIPSS (Roder et al., 2022) and the Transformer
encoder-decoder architecture THIPSS, we need to collect episode trajectories that provide
training examples of the policy generating rewarding language-conditioned behaviors. Our
setup, for the most part, replicates a machine translation setting, but here we translate
low-level sensorimotor state encodings of a particular behavior into a sentence describing
them. We can express this as a conditional probability over all possible descriptions p(gy |
7s) = p(wg,ws,...,wx | 75), where the words w; are coming from our vocabulary (see
Section 3.2.3). The autoregressive procedure becomes clearer when we break the joint
probability of words into a product of conditional probabilities, as in Equation 4.14.

p(ge | 75) = plwo | 75)p(wy | 76, wo)p(ws | 75, wo, w1) ... p(wy | Ts, wo, - .., wn_1)  (4.14)

We train HIPSS and THIPSS next to the baseline algorithm, therefore they do not
interfere with any gradient computations of the RL objective. The overall optimization
attempts to find language goals that maximize the conditional probability of the words
according to FEquation 4.15.

argmax p(gs | 7s) (4.15)
9¢

We employ our so-called state trajectory 7, to emphasize that it only consists of the states
visited, excluding the actions that are part of the usual RL trajectory 7. For the training,
we are using a variant of the cross entropy loss. For numerical stability, the optimization
employs the log-softmax function to convert the logits of the network outputs into log prob-
abilities. In Equation 4.16, we provide the loss, where ¢ represents our model parameters
and y® € REXIVI the categorical distribution of the words derived from g,. We use one-hot
encodings for the target words, where all probability mass is assigned to the specific word
index, effectively representing the target distributions.

D
Z ylgi) log(softmax(My(7(9))) (4.16)

=1

L9, D) = ~1p;

The high-level training procedure goes as follows:
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* Harvest successful trajectories with policy 7y for the training and validation
dataset Diyain and Dy

* When training, sample trajectory-instruction tuples from the dataset (75, go) ~
Dirain

* Update the model according to the loss in Equation 4.16 with gradient descent
using the Adam optimizer (Kingma and Ba, 2015)

* Periodically evaluate the validation accuracy with samples from the validation
dataset Dyy

» If HIPSS reaches a predefined validation accuracy threshold, relabel failures
by generating instructions for hindsight replay

To evaluate if the model is good enough to generate instructions for hindsight learning,
we track the per word accuracy on the validation dataset.

4.8 Hindsight Language Learning Methods Overview

In the following, we provide an overview of the two different sources of the hindsight
imstructions.

The hindsight learning approaches HEIR and HIPSS can be summarized by Fig-
ure 4.17. In the case of a wrong object interaction, we either employ HEIR to replace
the instruction by the hindsight expert feedback or use a variant of HIPSS to provide a
self-generated instruction for the experienced trajectory. The agent is replaying the altered
transition with a positive reward to improve the learning in both cases. For the successful
outcomes, we store the state trajectories and corresponding instructions as samples for
training. This part is where the self-supervision provides the data and the labels without
human intervention.

While we depict both approaches as if they are applied in an online setting, we use
them slightly differently in combination with the off-policy learning algorithms based on
SAC. Hindsight instructions are generated when sampling data from the replay buffer. The
transitions that we sample contain information about wrong object interactions, which we
utilize to randomly decide if a transition is relabeled to incorporate the hindsight instruc-
tion and the hindsight reward. Using HEIR simply involves accessing the information
about the wrong object interaction, and the hindsight instruction the caretaker returned.
For HIPSS, we feed the trajectory of the corresponding episode of the transition into the
model to generate the hindsight instruction. In Algorithm 4, we provide the pseudocode
of HIPSS and THIPSS, respectively.
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Figure 4.17: To the left, we illustrate the agent interacting with the environment. In
the top left, the agent is rewarded by touching the green object as instructed by “Touch
the green object”. On the bottom left, we present a failure, where the agent touches the
wrong object, in this case a blue cuboid, for which a penalty is granted. On the right side
of the figure, we illustrate the hindsight procedures that we trigger in each case. In the
successful case, the outcome serves as an example for training HIPSS. In the case of a
failure, at the bottom right, either HEIR or HIPSS generate an instruction in hindsight
like “Reach the blue object” for learning — Figure taken from our work Roder et al., 2022.
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Algorithm 4 Hindsight Instruction Prediction from State Sequences

mg policy My HIPSS model

B replay buffer Dirain  HIPSS training dataset
o  HIPSS learning rate Dyaia  HIPSS validation dataset
1: for episode i =0,...,FE do

2 Sample initial state so and language goal g; ~ py,

3 for timestept =0,...,7 — 1 do

4 Sample action a; ~ mg(- | s¢, gb)

5: Take environment step s;11 ~ T (- | ¢, ar)

6 Compute reward r, < Ry(s¢, at, g;)

7:  end for

8 if r, = 0 then

9: With probability 0.2, set D <— Dyaiiq, otherwise D <— Dirain
10: Store successful trajectory-goal pair D < D U {(so.1, g4) }
11:  else if r, = —1 and interplay with wrong object then

12: Replace g with predicted goal g} < My(so.r)

13:  end if

14:  Store transitions B < B U {(st, Aty ey St41 9o) sy,

15:  Update policy my with mini-batch from B
16:  for each gradient update step do

17: Update HIPSS model 9 < 9 — aVyL(3, Dyain) using loss from Equation 4.16
18:  end for
19: end for
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4.9 Experiments

The upcoming subsections highlight the results from our prior publication “Grounding Hind-
sight Instructions in Multi-Goal Reinforcement Learning for Robotics” (Roder et al., 2022).
These results are followed by experiments for their recent adjustments made to address pre-
vious limitations. Central to this section are the outcomes of our proposed expert feedback
routine, HEIR, as well as the egocentric speech mechanisms, the seq2seq model HIPSS
and the Transformer-based version THIPSS, for hindsight instruction replay.

4.9.1 Results Replay Strategies

In Section 4.5, we introduced three types of replay strategies that could be used for hind-
sight instruction replay. Figure 4.18 provides our findings from Roder et al. (2022) for
a selection of tasks from LANRO with 2 objects on the table, using LCSAC with our
HEIR approach for experience replay. The graphs depict the mean success rates (y-axis)
grouped by the different strategies relative to the environment steps taken (x-axis). We de-
pict the 90% confidence interval of 3 random seeds. The episode strategy fails to provide
reasonable results in the tasks containing more than the default colors (Color and Color-
Shape). Intuitively, replaying any transition of the episode does not guarantee a meaningful
interaction with a hindsight goal object, potentially having a detrimental learning effect.
The final strategy, while not completely hampering the agent’s learning, only manages
to make modest progress in tasks with more colors and object shapes. With the future
strategy, we obtain the best results across all levels of difficulty. However, in the case of
Figure 4.18d, the success rate drops after 5 million environment steps, possibly caused
by the aforementioned effect of the hindsight bias (see Section 4.6). This outcome aligns
with the goal-conditioned HER. approach from Andrychowicz et al. (2017), validating our
replay approach implementation.

Remark These results might be influenced by the hindsight bias of HEIR identified in
Section 4.6. In our recent experiments, we address this issue with new results presented in
Subsection 4.9.3.
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Figure 4.18: The figures provide the results for our 3 proposed replay strategies episode,
future, and final, that we tested across the different reach tasks of varying difficulty
(Default, Color, Shape, and ColorShape). All the experiments were conducted with 2
objects on the table (denoted by Reach2), using the former LCSAC+HEIR combination
(Roder et al., 2022). The figures show the environment steps (x-axis) and the success
rate (y-axis). Experiments were run using 3 random seeds to plot the mean success rate
and their 90% confidence interval (shaded area). While the future strategy yields the best
results in almost all experiments, it significantly suffers from the effect of hindsight bias
in Figure 4.18d, where the performance drops after 5 million environment steps. The
experiments made use of the dense embeddings and the GRU as language encoder.

4.9.2 Grounding Hindsight Instructions

This section presents the experimental results for our hindsight expert feedback HEIR and
the self-supervised approach HIPSS, as detailed in our publication (Roder et al., 2022).
Figure 4.19 compares our baseline LCSAC with LCSAC+HEIR and LCSACH+HIPSS.
All experiments were conducted using only the reach task, with the GRU as language
encoder, the dense word embeddings, and the future replay strategy for hindsight learning.
Each algorithm configuration involves 5 random seeds, depicted by the average success rate
and its 90% confidence interval, with only 2 objects on the table.

The first experiment in the Default setting shows that the replay additions HEIR and
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HIPSS perform comparably to our baseline LCSAC. Notable differences emerge only
when task complexity increases by adding more colors or shapes.

In the Shape and Color configurations, HEIR exhibits initial performance increases
that are potentially attenuated by a later effect of the hindsight bias (Section 4.6). In
the most complex configuration, with additional shape and color combinations, HIPSS
demonstrates a significant performance improvement, nearly doubling the success rate
of HEIR and LCSAC. The performance of HIPSS in this case can be attributed to
its ability to predict correct instructions in hindsight while the policy is still learning to
ground shape and color words simultaneously, often confusing properties, thus interacting
with incorrect objects (see Figure 4.5).

N
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Figure 4.19: Experimental results from our work on grounded hindsight language learning
(Roder et al., 2022). We show the performance of the baseline LCSAC and the extensions
HEIR and HIPSS in the reach task with 2 objects on the table with 4 levels of difficulty
(Default, Color, Shape, and ColorShape). The performance gain of HIPSS increases with
the task complexity; hence a higher number of words and object appearances that could
potentially be mixed up by the learning policy. We depict the environment steps on the x-
axis, with the average success rate and the 90% confidence interval on the y-axis, employing
5 random seeds.
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4.9.3 New Replay Strategy Results

In the following, we provide the latest replay strategy results to account for the fix of the
hindsight bias using LCDroQ-+HEIR, complementary to the results of our prior publi-
cation experiments shown in Figure 4.18. The experiments in Figure 4.20 were conducted
in a small selection of challenging tasks, this time with 3 objects on the table. For the first
case, we employ the reach task with additional object properties, as shown in Figure 4.20a,
with the attention-based language encoder. A similar setting is presented in Figure 4.20c
with additional size and shape property combinations. Here, the challenge is to cope with
the presence of many property words regarding the color, size, and shape of the goal object
that could easily get mixed up by the policy. In both cases, the future strategy provides
the best performance, aligning with our previous results (Roder et al., 2022), followed by
the final and episode options, in the case of Figure 4.20a, and with way lower performance
in Figure 4.20c.

In addition, we also illustrate the results for the multitask setup with the Default
(Figure 4.20b) and Color (Figure 4.20d) options. With this setting, we attempt to learn
two distinct tasks, namely the reach and push tasks, simultaneously. While there are
synergies through intra-task transfer, it also provides a case useful for hindsight learning,
when the agent mixes up the word descriptions related to the task behavior. However, in
this particular case, the replay strategies provide similar results, with no clear evidence
to suggest which strategy to choose. For the case with many colors (Figure 4.20d), the
future strategy leads by a small margin, closely followed by the episode strategy.

All the experiments comprise 5 random seeds that determine the average success rate
and the 90% confidence interval (y-axis), compared to the environment steps (x-axis).
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Figure 4.20: Replay strategy results for the latest version of HEIR paired with LCDroQ,
showing the mean success rate (y-axis) and the environment steps (x-axis). We are com-
paring the episode, final, and future strategies within the reach task with the ColorShape
option (see Figure 4.20a), the push task with the SizeShape option (see Figure 4.20c¢), and
the multitask easy setting with and without the Color option (see Figures 4.20b and 4.20d).
Shown are the results for 5 random seeds with 3 objects on the table, utilizing the self-
attention as language encoder. The shaded regions are calculated by the 90% confidence
interval.
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4.9.4 Full Hindsight Learning Experiments

The following sections expand on the insights from Subsection 4.9.2, based on our paper
Roder et al. (2022), in the following ways:

* We present tasks with 3 objects in the scene instead of 2, making the environments
more challenging to solve

* Instead of LCSAC, we prepone the use of our new baseline algorithm Language-
Conditioned DroQ (LCDroQ), providing a detailed explanation in Subsection 5.5.2,
with the hyperparameters in Section A.3

* Comparisons with HEIR now exclude the effect of hindsight bias, with the expert
feedback, as expected, providing the best hindsight learning results

Addressing the Hindsight Bias of HEIR

The following experiments showcase our latest results of HEIR, which in our previous
work (Roder et al., 2022) suffered from degenerated performance through oversampling
the hindsight expert feedback for training.

As expected, Figure 4.21 showcases LCDroQ-+HEIR as paramount in nearly all tasks,
providing the ideal case for hindsight learning. This involves having access to all valid
hindsight goal instructions for an encountered failure, where those are always grammati-
cally correct in comparison to those of the learning-based system HIPSS. The experiments
employ the self-attention as language encoder, while we also supply the results using the
GRU and the remaining self-attention experiments in Subsection B.2.1.

Depicted are the reach (Figures 4.21a to 4.21d) and push tasks (Figures 4.21e to 4.21h) in
the first two rows, for which we provide the options Default, Color, Shape, and ColorShape
within the four columns. In the last row, we depict the grasp (Figure 4.211), lift (Fig-
ure 4.21j), and two multitask easy (Figures 4.21k and 4.211) challenges. The inscriptions of
the figures includes the environment steps on the x-axis in relation to the average success
rate on the y-axis. The shaded regions display the 90% confidence interval of 5 random
seeds.
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Figure 4.21: We highlight a selection of tasks, showing LCDroQ-+HEIR outperforming
the baseline LCDroQ in many cases. Illustrated are the experiments using self-attention
as the language encoder for 5 random seeds. Depicted are the environment steps (x-
axis) in relation to the average success rate, with the shaded region representing the 90%
confidence interval (y-axis). We provide the full set of experiments as a comparison in Sub-
section B.2.1. Here, LCDroQ-+HEIR denotes the combination of our baseline LCDroQ
(cf. Subsection 5.5.2) and the expert feedback replay method HEIR (cf. Section 4.4).
As expected, the perfect hindsight instructions by the expert show significant performance
improvements (e.g., Figures 4.21d and 4.211).
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Extended Hindsight Learning Experiments

In this section, we provide the latest experimental findings on our hindsight methods
HEIR, HIPSS, and THIPSS. Figure 4.22 depicts the results for a selection of tasks, es-
pecially those with an extended range of object sizes, weights, and color variations (e.g., see
Figures 4.22¢, 4.22¢ and 4.221). Shown are the results for the GRU language encoder with
5 random seeds for each algorithm configuration. Additional results for the self-attention
language encoder and other task configurations can be found in Subsection B.2.2. Our
HEIR approach, with the hindsight bias correction, as expected, performs well in nearly
all cases as there is no learning necessary, and the replay mechanism has access to all valid
hindsight instructions right from the start. It essentially compares to a version of egocen-
tric speech with perfect predictions but is drastically outperformed by LCDroQ-+HIPSS
and LCDroQ+THIPSS in the push tasks with the Size option activated (Figures 4.22i
and 4.221). In combination with LCDroQ, the egocentric speech approaches, similar to
a child that is learning to speak, sometimes generate grammatically incorrect instruc-
tions. This procedure adds noise into the language grounding, with the positive effects
of increased robustness and faster learning. However, there are still architectural differ-
ences that often show either HIPSS (Figures 4.22j and 4.220) or THIPSS (Figures 4.22¢
and 4.221) leading. In the multitask setting medium and hard, HIPSS is the only approach
that can progress, hence learning a new task after 50 million steps (Figure 4.220) and 75
million steps (Figure 4.22p). This highlights how self-generated speech helps with overcom-
ing plateaus and differentiating behavior through verbs. However, HIPSS and THIPSS
sometimes yield quite similar results (e.g., Figures 4.22g, 4.22h and 4.22n) but can also
show markedly different performance (e.g., Figures 4.22b to 4.22d). This provides insights
into their respective strengths and weaknesses. We hypothesize that LCDroQ+HIPSS,
utilizing GRUs within its seq2seq model, is more data-efficient (sharp learning progress
in Figures 4.220 and 4.22p), but is actually surpassed by the general effectiveness of the
Transformer in many cases (e.g., see Figures 4.22a, 4.22¢, 4.22¢ and 4.22i), due to fewer
inductive biases (Dosovitskiy et al., 2020).
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LCDroQ+HEIR, LCDroQ+HIPSS, and LCDroQ+THIPSS. We compare them
with respect to the amount of environment timesteps (x-axis) it takes to reach a certain
success rate, for which we visualize the mean and the 90% confidence interval as shaded
area on the y-axis. All experiments employ the GRU as language encoder and contain 5
random seeds. Further results are provided in Subsection B.2.2.
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4.9.5 Compositional Generalization

This section explores the compositional generalization capabilities of our HIPSS models,
focusing on systematic generalization. We highlight to what extent the presented models
can predict language instructions for behaviors not encountered during training. For this
purpose, we investigate this in our multitask environment with the default setting of 3
objects, 3 colors, and 2 different types of actions, where the two types of actions map to 3
synonyms each. This setting allows examining systematicity not only for the goal object
identification, but also considers the desired task behavior.

The models are trained in a typical supervised learning setting with a static dataset.
For this setting, we employed a trained policy that solves the multitask setting well, gen-
erating trajectory-instruction combinations that we store and split into a training and test
set. Measuring generalization capabilities involves comparing the training performance to
the test set, which contains behavior-instruction combinations that were absent from the
training set.

Figures 4.23 and 4.24 compare HIPSS and THIPSS regarding their training and test
accuracy for different out-of-distribution (OOD) split configurations. In comparison to
the fully observable state-based setting that we consider in all other parts of this thesis,
for these experiments, we use the pixel-based version of LANRO as an exceptional case.
The predictions of HIPSS and THIPSS are based on trajectories of egocentric pixel
observations (cf. Subsection 3.4.3).

Figure 4.23 depicts the setting where we exclude certain action and object color combi-
nations entirely. The agent does not encounter any combination of the “push” task verbs
and object colors “red” or “green”. Furthermore, all the “reach” verbs are excluded for the
color “blue”, but “red” and “green” references are included.

The table below the two accuracy plots illustrates the color and verb combinations if
they are present in the training set (green cells) or absent (red cells). This setting excludes
entire verb-color combinations depicted by the red rows of three columns, simplifying
the training, as there are fewer combinations to learn. Consequently, both HIPSS and
THIPSS perform well, achieving a training accuracy between 0.9 and 1.0. However, the
test accuracy differs, as shown in Figure 4.23 on the right.

While HIPSS struggles to surpass the accuracy of 0.8, THIPSS learns faster around 70
epochs and achieves a higher overall accuracy of 0.95 after a sudden jump at 330 epochs.
This indicates that THIPSS is able to identify behaviors like “push the green object”,
although it has never seen it and needs to derive this from other behavior-instruction
combinations like “touch the green object”.
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Figure 4.23: We depict an experiment comparing HIPSS and THIPSS with respect to
their systematic generalization (Hupkes et al., 2020). While the training in both cases
achieves similar accuracy values for the most part (left figure), THIPSS exceeds the
performance of HIPSS by up to 0.1 accuracy points after the sudden jump at 330 epochs
in the test plot to the right. The table at the bottom depicts, as green cells, the word
combinations seen during training and, as red cells, the word combinations that were
excluded. The models are trained with all instructions containing the verbs reach, touch,
and contact, paired with the colors red and green. In addition, the verbs push, move, and
shift are paired with the color blue. For testing, the opposite word combinations, shown
as red cells, are used. Hence the models have never seen instruction word combinations
containing the reach-related verbs paired with the color blue or the push-related verbs
paired with the colors red and green.
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In Figure 4.24, we present a more evenly distributed setup. The table in the lower part
of the figure demonstrates how we allow at least one verb-color combination for each task
to be part of the training set. This allows both models to reach the nearly perfect training
accuracy of values close to 0.95. However, slight differences emerge when evaluating the
test accuracy, where THIPSS performs up to 0.1 points worse than HIPSS. A possible
explanation for this is the data that Transformer-based models require for effective learning,
as they lack the strong inductive biases provided by their universal architectural design.
Nevertheless, this setup validates that HIPSS, to a certain extent, also generalizes well to
novel samples, highlighting its suitability in online learning settings, such as RL.
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Figure 4.24: We examine a case with a more evenly distributed setting of out-of-distribution
samples. The training accuracy in the left figure shows very similar results for both HIPSS
and THIPSS, while the latter appears to have a more stable learning curve. On the right,
we depict the test accuracy, with HIPSS exceeding the performance of THIPSS after 100
epochs of training. In the table at the bottom, in-distribution samples used for training
are illustrated by the green cells, while the samples that we exclude are depicted by the
red cells. More precisely, training the models includes the instructions containing the word
combinations reach and red, touch and green, contact and blue, push and green, move and
red, and shift and blue. For evaluation, we consider all the other combinations, denoted by
the red cells in the table.

In summary, both models exhibit generalization capabilities that are useful for dif-
ferent types of data distributions. HIPSS generally provides good results in evenly dis-
tributed settings, while THIPSS demonstrates the ability to generalize to entirely out-of-
distribution samples that were never encountered during the training phase. Both models
prove useful for hindsight learning, indicating capabilities of compositional generalization
that are particularly important for RL settings, where data is unevenly distributed.
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4.10 Summary

This chapter concludes the first pillar of this thesis: hindsight language learning. We
demonstrate how concepts from language development and cognitive science provide a
valuable foundation for our reinforcement learning algorithm additions. Although our
language-conditioned RL setting does not involve a real human in the loop, represented
by a synthetic caretaker instead (Cideron et al., 2020; Akakzia et al., 2021), it still offers
valuable insights into how such an entity could aid learning. The idea of Hindsight Expert
Instruction Replay (HEIR) implements the caretaker, who is always providing the perfect
hindsight instruction feedback upon interaction with an unintended object. As expected,
it improves learning in comparison to our baseline, but showed declining performance in
the midterm training when referring to our initial results in Subsection 4.9.2.

Intuitively, a learner that fails to complete a task but receives the perfect hindsight feedback
for an arbitrary behavior that, by chance, achieved a rewarding outcome has a detrimental
effect on learning. Another perspective is the straightforward explanation of hindsight
bias, as discussed in Section 4.6, which states that the priors resulting in a specific behav-
ior cannot always be paired with the hindsight expert instructions. We address this issue
from our prior work by incorporating a simple limit to the number of hindsight expert in-
structions considered during experience replay. In Section 4.9.4, we showed how this could
lead to the expected results of HEIR, demonstrating the optimal conditions for hindsight
learning.

Our second idea exploits successful episodes as positive training examples to train a model
that predicts language instructions in hindsight. We presented Hindsight Instruction Pre-
diction from State Sequences (HIPSS), our seq2seq model approach that relabels failed
episodes with language appropriate to the actual outcome. Such a model could be thought
of as actually modeling the notion of egocentric speech. For example, in instances where the
agent mixes up words and completes the task for a different object, an inner monologue gets
triggered to supply an intrinsic hindsight language goal for what actually happened. This,
together with a sparse reward, provides a positive learning experience. As the language
predictions during the early training stages are not perfect, self-generated instructions tend
to improve the robustness of the agent by providing noisy hindsight goals, like a toddler
talking to itself. Extending our seq2seq model to incorporate the well-known Transformer
architecture (Vaswani et al., 2017) provides additional performance benefits for most of the
presented environments. We term this implementation Transformer-based Hindsight In-
struction Prediction from State Sequences (THIPSS). An additional brief study on HIPSS
and THIPSS demonstrates their systematic generalization capabilities. Learning an in-
ternal monologue model to explain the world in terms of words and extrapolating to novel
and unseen setups appears to be a promising approach to robot learning with RL. This
affirms our motivation for leveraging compositionality, which our models exploit when gen-
erating the language for goal-directed behaviors. In summary, we can positively answer
Research Question 2 with our work on HEIR, HIPSS, and THIPSS. We demonstrate
the notion of caretaker feedback and egocentric speech to accelerate the language learn-
ing of an artificial agent, increasing the sample efficiency and validating our cognitively
inspired reinforcement learning implementations.

144



Chapter

Action Correction for Language-Conditioned
Reinforcement Learning

This chapter presents the second part of this thesis, which focuses on action corrections. We
introduce a framework that models conversational breakdowns arising from misunderstand-
ings, treating them as reinforcement learning tasks with changing goals and sparse rewards.
To address this challenge, we introduce a novel approach within the language-conditioned
RL domain, incorporating model uncertainties into the agent’s return estimation to miti-
gate the negative effect caused by misunderstandings during conversations. Additionally, we
extend the grounded hindsight learning methods from the previous chapter to this correction
framework, tackling the dual challenge of learning to follow instructions while simultane-
ously resolving misunderstandings.

In the domain of human-robot interaction, the ability of a robot to understand and
execute instructions correctly remains a significant challenge, and a major area of research
(Tellex et al., 2020; Shao et al., 2020; Ahn et al., 2023). The complexity inherent to
natural language arises from the interaction of nonverbal signals and context-dependent
subtleties, which can lead to misunderstandings or misinterpretations of utterances. Hu-
man communication frequently involves resolving misunderstandings and clarifying uncer-
tainties regarding what was said and what actually happened in the world. Despite these
challenges, humans are remarkably proficient at learning and communicating under such
circumstances (Kempe and Brooks, 2016).

In robotics, operators commonly assume natural language instructions to be grammat-
ically correct. However, on occasions where instructions are flawed, the focus primarily
shifts to the issues of non-understanding (Hirst et al.; 1994; Bohus and Rudnicky, 2008).
Within these settings, operators either endeavor to reprocess the utterance again or solicit
a repetition of the instruction by seeking clarification (Bohus and Rudnicky, 2009; Eppe
et al., 2017). Essentially, the aim is to mitigate misunderstandings through additional
input data or higher quality data with less lingual or sensor noise (Hirst et al., 1994).

Unlike situations of non-understanding, which are easier to detect, misunderstand-
ings are hard to spot, a distinction also made by computational linguists (Bohus and Rud-
nicky, 2008). Compared to non-understandings, misunderstandings are significantly more
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costly, as the listener assumes there is no mismatch between the commander’s intention
and what was understood. Bohus and Rudnicky (2008) emphasize that misunderstandings
cause twice as many conversational breakdowns in comparison to the non-understandings.
Misunderstandings in human-robot dialogs can arise from various sources, such as incon-
sistent world models, erroneous perception, or ambiguous instructions (Hirst et al., 1994;
Chai et al., 2014).

Consider the scenario in Figure 5.1, where the human utters the command “Hand me
the apple, please!”, with the intention to have the robot pick up the green apple (gh). This
instruction is ambiguous due to an underspecification, as there are two apples on the table.
Subsequently, the robot reaches for the red apple (@), which might be closer to its end-
effector. Shortly after the human realizes that the instruction was misinterpreted, revealed
by the robot’s behavior, an intervention is uttered through the action correction command
“No, the green one!”. The robot then reconsiders the initial ambiguous instruction with
respect to the action correction and possible environmental changes, finally approaching
the intended goal object by picking up the green apple. Optionally, the robot would also
return to the initial world setting, by putting the red apple back (Thierauf et al., 2023).

The aforementioned misunderstanding of Figure 5.1 and other types that we will present
in the remainder of this chapter are particularly challenging because the agent acts as if it
has correctly understood the instruction. There are several works that address this issue of
misunderstanding, but they are limited to verbal interactions only (Bohus and Rudnicky,
2009; Purver et al., 2018). Misinterpretations, in general, can lead to potentially costly,
irreversible, and destructive outcomes that may occur in any conversational setting, but
especially in those involving a physical or simulated robot. Designing agents to handle
noisy conversations should be considered a crucial part of conversational Al. Therefore, we
postulate that action corrections should not merely be a mechanism to cope with unpre-
dictable events, but have to be integrated into the language grounding, and consequently,
the learning process itself. Natural language instructions by humans can be grammati-
cally incorrect and incomplete, thus containing noise due to disfluency and polysemy. This
implies that words can be used inconsistently or may provide incorrect or even multiple ref-
erences. Such references could be misaligned, meaning the robot’s internal representations
of the world do not match those of the instructor. From the robot’s perspective, unknown
words might be mapped to incorrect meanings that lead to false beliefs about what type
of actions to execute.

Resolving such seemingly simple misunderstandings initially can only be achieved by
incorporating additional modalities beyond the language itself. In this context, it is cru-
cial to consider actions and their effects on the world. The following sections will draw
inspiration from approaches modeling conversations as goal-oriented dialogs (Thomason
et al., 2015; Ferreira and Lefévre, 2015; Bordes et al., 2017; Lu et al., 2019) and provide
links to our (Roder and Eppe, 2022) and other end-to-end approaches in an embodied
language-conditioned RL setting (Ferreira and Lefevre, 2015). While many works on di-
alog systems assume the communication to happen only verbally (Bohus and Rudnicky,
2009), corrections aim to adjust the conversation by letting the agent respond in the same
manner. In the context of language-conditioned RL, action corrections involve adjusting
the agent behavior by extending the lingual goal with the correction. Unlike traditional
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Figure 5.1: An action correction scenario, where a human issues the ambiguous command
“Hand me the apple, please!” to the agent. However, the operator intends for the robot to
pick up the green apple. The robot chooses to reach for the red apple, either by chance or
because it is the closer object. When the operator realizes that the actions deviate from the
intended outcome, the action correction “No, the green one!” is uttered. Then, the robot
reevaluates the original instruction given the correction, resolving the underspecification,
to successfully hand over the correct apple.

dialog systems that primarily focus on verbal communication, we develop a model that
accounts for multimodal inputs. Considering the nonverbal cues of the acting agent, we
attempt to create a more realistic and interactive interplay between the synthetic instructor
and the agent. Adjusting for action corrections requires an adaptive context-specific repre-
sentation that incorporates the original instruction and its reinterpretation in the presence
of the corrective feedback. This chapter introduces and showcases how to model action
correction tasks in a simulated reinforcement learning setting with synthetically generated
instructions and corrective feedback within a language-conditioned RL setting with sparse
rewards.
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5.1 Related Work

The upcoming section provides an overview on dialog systems paired with reinforcement
learning and works that employ some sort of corrective feedback to resolve conversational
breakdowns and misunderstandings.

5.1.1 Reinforcement Learning and Dialogs

A common approach to model human-robot interactions and conversations are dialog sys-
tems (Hirst et al., 1994). In such systems, the robotic agent incorporates many components
that solve different parts, such as object identification, motion control, speech recognition,
and many more (Eppe et al., 2017). The overall setting of a dialog involves a goal, like
completing a flight booking request by the user (Li et al.; 2020b) or fetching an object
(Eppe et al., 2017). Many of the components rely on pre-trained models that account for
gesture recognition, advanced models for language understanding, a dialog manager that
tracks the progress of the conversation, and a natural language generation component that
produces answers.

For this work, we aim for an end-to-end approach in the context of language-conditioned
reinforcement learning based on sparse rewards, where both the task identification and task
execution are learned from scratch. However, the work on dialog systems, and especially
those using RL (Dodge et al., 2016; Peng et al., 2017), provides useful insights to address
our challenge of action correction. Thus, we present a brief summary of some related
components involved.

Language processing is central to both approaches, whether following the traditional
dialog setup or our verbal/nonverbal RL setting. For language understanding, contem-
porary dialog systems use semantic parsers (Thomason et al., 2015). Semantic parsers
implement procedures to derive a formal meaning of the natural language utterance that
resembles interpretable logic relations (Dong and Lapata, 2016). However, they are limited
in terms of their capabilities when implemented via slot-filling (Bordes et al., 2017). More
recent approaches consider neural semantic parsers, which harness deep neural networks
to generate the logical forms (Gardner et al.; 2018). These combine semantic parsers and
neural networks, where the latter are trained to process text (Eppe et al., 2018). How-
ever, semantic parsers are usually designed for domain-specific applications, in which they
generally tend to provide better results.

Nowadays, deep neural networks and even LLMs (Zha et al., 2023) are frequently
utilized as general-purpose language encoders. Language encoders such as BERT (Devlin
et al., 2019) (see Section 3.2.3) represent natural language utterances as high-dimensional
vectors, lacking the structural representations of the semantic parsers, but are typically
more general due to their training on large language corpora (Dong and Lapata, 2016).
In our work, we consider those human-robot dialog settings that are not solely based on
verbal interactions but take into account the embodiment of the robot (Eppe et al., 2017),
and hence also the nonverbal features.
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5.1.2 Conversational Corrections

In the following, we highlight related works that employ techniques to handle different types
of misunderstandings and methods of correcting supervision, which we consider in addition
to the initial goal instruction. Unlike the language-conditioned setting, corrections typically
follow the paradigm of assistive language (Luketina et al., 2019), providing additional
context for the overall task. We examine both traditional dialog systems and language-
conditioned reinforcement learning approaches that offer insights for our action correction
challenge.

Misunderstandings, such as ambiguities, have been shown to provide valuable social
information. In the work of Achimova et al. (2022), the authors highlight that observ-
ing a listener resolving an ambiguity reveals something about their personal preferences.
Furthermore, it provides room for interpretation and creativity, and when applied inten-
tionally, could be used to gain social knowledge. However, different than Achimova et al.
(2022), we primarily feature ambiguities as flaws in communication, as we usually have
an instructor commanding an agent (Roder and Eppe, 2022). Additionally, we posit that
action corrections reveal information about the language capabilities of the agent, adapting
to changes in the task context.

Numerous studies investigate misunderstandings and non-understandings by address-
ing the problems arising from ambiguities (Achimova et al., 2022; Caselles-Dupré et al.,
2022). For dialog systems, Ashktorab et al. (2019) reveal valuable insights into different re-
pair strategies to resolve so-called conversational breakdowns, with the focus on designing
resilient and more user-friendly conversational agents. Notable strategies involve the agent
providing additional options to recover from the breakdown or explaining its limitations
that led to it. Generally, many approaches tackle misunderstandings by proposing possible
alternative solutions (Sharma et al., 2022; Cui et al., 2023; Zha et al., 2023; Thierauf et al.,
2023). While it is necessary to differentiate whether the agent is exposed to corrections
during learning or deployment, most works employ an online natural language correction
approach, intervening in the agent’s action execution at any time (Sharma et al., 2022; Cui
et al., 2023; Thierauf et al., 2023; Zha et al., 2023). Bohus and Rudnicky (2009) suggest a
solution to consider a confidence metric before an action is executed, mitigating potential
harm caused by a misunderstanding. However, their approach is limited to verbal dialogs
only. Chai et al. (2014) ensure that both participants share a common perceptual ground
by letting the robot inform about its sensation of the environment.

Our correction setting reveals similarities to interactive RL, where language is used to
provide an additional supervision signal (Co-Reyes et al., 2019; Faulkner et al., 2020). In
the work of Faulkner et al. (2020), the authors employ language feedback for learning by
explicitly addressing quality issues, estimating the effectiveness of feedback with respect to
the reward. Co-Reyes et al. (2019) investigate the idea of incremental language corrections
to guide the policy learning, instead of following a single instruction. This enables the
agent to experience different and more natural types of task specifications, allowing for
quicker adaptation to new tasks. However, their approach leverages a human user to
provide language corrections and is therefore limited.

A crucial decision is determining when and under which circumstances a feedback signal
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is returned. While Cui et al. (2023) consider whether the feedback is related to a physical
or the overall dialog state, Roh et al. (2020) take into account the context to address
instruction mismatches. Li et al. (2020b) provide a multimodal approach to conversational
repair, where the agent considers both language and the current state of the dialog GUI
(Graphical User Interface) by utilizing their mutual disambiguation pattern. Shi and Yu
(2018) also propose a multimodal approach, incorporating audio as additional input into
their end-to-end dialog system setup. The learning is accompanied by an audio dataset
that provides sentiment hints as additional context features. From the hints, they derive a
reward signal for their dialog policy optimization, leading to higher success rates compared
to the setup without the additional sentiment information. Prior works like Lipton et al.
(2018) with learning-based dialog systems employ neural networks to model the slot-filling,
but disregard the state of the world. Only a few approaches consider Bayesian inferences
to resolve the ambiguities (Achimova et al., 2022; Caselles-Dupré et al., 2022).

In the following, we propose three types of misunderstandings that intelligent agents
observe in our unique language-conditioned RL setup for action corrections based on sparse
rewards.

5.2 Situated Misunderstandings

In the following, we highlight our types of misunderstandings, which capture an important
set of conversational failures.

Unlike previous conversational approaches (Thierauf et al., 2023; McCallum et al.,
2023), our action correction is embedded into the language-conditioned learning setting.
There is no explicit distinction made between the original goal instruction and the correc-
tion itself. The original instruction is not edited but extended by the action correction.
This enforces the agent to learn an instruction representation that directly addresses the
situated uncertainty. For example, a scene with two red objects and an instruction just
referring to a “red object” should treat both as equally probable goals until further evidence
resolves the ambiguity.

There are two crucial steps for a successful action correction: identifying the initial
goal and reconsidering the altered goal given the additional feedback and the current
physical state. It is important to note that corrections can occur at any point in time for
any type of misunderstanding. In the example of Figure 5.1, we depicted only one type
of misunderstanding, namely that resulting from an underspecification. In the following
sections, we distinguish between three types of misunderstandings: ambiguity, the
lack of common ground, and the instruction correction, as the basis for the remainder
of this work.

5.2.1 Ambiguity

In cases of an underspecified instruction, the agent cannot identify a unique goal object
due to an overlap of named and observed features that hinder the inference of a single
meaning. Consider the scene in Figure 5.2, where the robot might be instructed to “grasp
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the cube”. This specification is imprecise, as there are two objects categorized as cubes,
creating an ambiguity along the single feature dimension referenced by the shape word in
the instruction. This resulting issue prevents the agent from identifying the unique and
correct goal object without additional background knowledge.

The system has no means to resolve this ambiguity independently and would need
to arbitrarily guess the goal object. Even if the agent were to choose the correct goal
by chance, it could not provide an explanation for selecting that particular object over
the other. Without proper justification, the robot’s behavior appears inconsistent to the
human, potentially deteriorating trust and the acceptance of the system.

‘0

Figure 5.2: A scene from LANRO, with a green cube, a green cuboid, and a red cube.
Figure taken from Roder and Eppe, 2022.

5.2.2 Lack of Common Ground

A learning agent may encounter an unfamiliar word if the instructor uses a term that the
agent has rarely or never encountered during training. Unknown words are considered out-
of-distribution. However, such settings may still be resolved if the word is not crucial for
identifying the goal object or can be complemented by co-appearing words. For instance,
the instruction “grasp the red dice” could be successfully used in Figure 5.2 to guide the
robot without knowledge about the word “dice”. Another example would be that the robot
wrongly classifies a red apple as a tomato due to a lack of proper grounding, resulting in
a mismatch of the language and state abstraction.

The lack of common ground can also manifest in situations where the human instructor
and the agent have different conceptual understandings or diverging mental models of
the world. While there are many scenarios involving a mismatch in common ground,
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we postulate that all of these could be simulated in the same manner, as they lead to
comparable outcomes.

The importance of the establishment of a common ground is highlighted by works like
Chai et al. (2014), where the authors advocate for the robot to communicate its perceived
state of the world to alleviate the chances of misunderstanding.

5.2.3 Instruction Correction

Errors can occur during the production of the instruction itself. This case describes the
instructor’s faulty speech — also known as lapsus linguae — when the error is on the operator’s
side. In the literature, this is also known as self-repair of speech (Levelt, 1983). Consider
the scenario in Figure 5.2, where an instruction like “pick up the green cube” is uttered,
but the operator intends to have the red cube picked up. Under these circumstances, an
immediate or slightly delayed action correction like “actually, the red one” resolves the
error and guides the agent to execute the correct actions. These situations reflect real-life
situations where one immediately recognizes the wrong words produced or only realizes
the mistake when the communication partner does something unexpected

Unlike prior works that consider this setting as simply a problem of parsing noisy
instructions (Dong and Lapata, 2016; Eppe et al., 2018), we assume this type of correction
to appear at any point in time, especially when the agent has already made changes to the
world. Therefore, an approach of only denoising through parsing would not consider the
modified world state and fail to resolve this setting.

Further Action Correction Implementations For the remainder of this thesis, we
focus on our three previously mentioned cases of misunderstanding. There are many ad-
ditional cases of misunderstanding that present unique challenges, including:

* Misinterpretation of context: The agent cannot understand the instruction “Pick up
the red cube” when no red cube is available, or all cubes on the table are red

* Temporal misunderstanding: Misunderstanding the order in which tasks should be
executed, e.g., “After you pick up the red cube, place it on the blue cube” (simple
conjugations supported by decstr (Akakzia et al., 2021))

* Negating Instruction: “Pick up a cube that is not red” — unsolved by recent LLM-
based robotics Ahn et al. (2023), but already addressed in language-conditioned RL
by Hill et al. (2020)

* Spatial misunderstanding: “Pick up the object left of the red cube” (problem of self-
reference discussed in our work Roder et al., 2021)

Summary We have introduced three types of misunderstandings that we believe suffi-
ciently cover most action correction scenarios that could arise in human-robot interaction.
It is crucial to consider that all the outlined cases could appear at any point in time while
the agent is interacting with the world, i.e., at every timestep t of the episodic MDP. Fur-
thermore, the action correction may also occur sooner or later due to delays in recognizing
incorrect behavior or changes in the world.

152



5.3 Description of Action Corrections

The next section summarizes the idea of action corrections as dynamic goals appearing
within the episode after an initial goal was proposed.

We define our setup as a dialog between a caretaker and an agent, where the former uses
verbal and the latter nonverbal means of communication only. The ongoing dialog is tightly
related to the world state, because the agent communicates via physical interactions. We
follow the approach of language conditioning (Luketina et al., 2019), where changes in the
world reflect the agent’s behavioral consequences conditioned by the provided lingual goal,
which contains all the necessary information to succeed. Therefore, we model the action
correction setup, in the sense of an MDP, as an episode with a changing language goal.
Changing this goal could potentially also alter the reward condition, hence one can view
this setting as a sequential multitask setup (Roder and Eppe, 2022).

Episodes always start with an initial goal instruction that is optionally extended by
the action correction. Figure 5.3 illustrates this general case, supplementing the scenario
from Figure 5.1. The agent receives the instruction g, under which it generates actions
according to the policy 7(a; | s¢,g¢) that potentially change the world state, following the
environment’s transition dynamics T (S¢41 | ¢, a;). The caretaker constantly observes the
agent’s behavior and, in our case, has access to the full world state s;. Given this access,
a predefined condition function C (similar to Equation 3.3) is used to detect meaningful
attempts or interactions related to non-goal objects. Following this, the caretaker utters
the action correction to guide the agent in revising its behavior. The misunderstandings
from Section 5.2 are implemented by concatenating the correction to the original goal,
ge © gac (concatenation of strings as chain of symbols).

The idea of the overall action correction setting follows that of changing goals within
a single episode (Fang et al., 2019; Fryen et al., 2020). Formally, this can be described
as successive trajectories conditioned on different goals, following our formulation of the
trajectory distribution in Equation 2.18. In Equation 5.1, we describe this exemplarily for
the case of two successive goals, g, and g,., with the action correction occurring at time
point t,.. However, this could be extended to as many successive goals as necessary by
chaining single language-conditioned trajectories as described in Equation 3.4. Further-
more, changing the goal of the extended MDP (see Subsection 2.2.5) also influences the
conditioning of the reward function, as described in Equation 3.3.

tac—1
Px(T | s Gacs tac) = po(so) (H m(ar | st,90) T (541 | Sn%))

t=0

. (5.1)
(H 71'(04/ ’ Sty ge © gac) T(St+1 ‘ St7at)>

t=tac

Before providing the (semantic) grammar definitions to generate the action corrections,
we highlight an example with possible corrections that could be involved in the setting of
the scene in Figure 5.2. Rather than relying on rephrasing the language goal or replacing it,
we extend the instruction to retain the initial information supplemented by the additional
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Figure 5.3: The figure describes the general case of an action correction scenario that fits
any of the proposed cases of misunderstanding from Section 5.2. The instructor utters a
lingual goal g, that the agent attempts to follow, interacting with the environment depicted
by the RL loop (see Figure 2.6). Implemented by the condition function C, the instructor
observes the world state s, for configurations that constitute a misunderstanding. In case
of detecting a misunderstanding, an action correction g,. is returned. Figure inspired by
our previous work Roder and Eppe (2022).

feedback (Roder and Eppe, 2022). For our work, we utilize linguistic cues, hence editing
terms like “actually”, “sorry”, and “no” (Thierauf et al., 2023) instead of colloquial fillers,
such as “ehm” and “uh” (Levelt, 1983). As an additional option, we provide negating
corrections that emphasize a property the agent got wrong, by sentences such as “not the
red object”, when the agent interacts with the “red cube” but was tasked to “touch the
green object” instead.

We initially described language itself as abstract and non-deterministic in terms of the
goal states it maps to. In other words, there are many state configurations that satisfy
a particular goal, which we introduced in Subsection 2.2.5 as S;,. Understanding action
corrections in the context of these state sets is basically reducing the uncertainty about the
potential outcomes that the goal corresponds to. In Figure 5.4, we depict the transition
from the original goal g, to the intended goal g; based on the change by the action correction
(dashed line).

Figure 5.4a depicts the scenario where the original goal g, is very similar to the opera-
tor’s intended goal. For instance, a language goal g, = “pick up the red object” corresponds
to many red objects the agent could manipulate, resulting in high uncertainty across all
the possible objects that could have been meant. This relates to an ambiguity that could
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straightforwardly be resolved by an action correction like g,. = “actually, the cube” to
get gy = gr © gac. This small semantic difference results in a drastic change regarding the
rewarding states involved. As a result, one obtains the new set Sy, that is a subset of the
“red object” reference set Sy,. In the case of IMigure 5.4b, we illustrate the change of the
rewarding states in an instruction correction setup (cf. Subsection 5.2.3). The operator
unintentionally provides a wrong instruction that shortly after gets corrected, changing the
entire meaning of the goal. This represents a leap from the original set of goal states S,
to the new set Sy, of which both are disjoint. Changing the meaning is actually providing
an action correction, visualized by the dashed arrow, which alters the present language
goal. Because the agent contemplates what state it should achieve to receive the reward,
recognizing the correction also changes this anticipation. As an example, the language
goal g, = “pick up the red object” gets corrected by g.. = “sorry, the blue object” that

corresponds to a different set (Sy,) of rewarding states.

(a) Similar (b) Distinct

Figure 5.4: To the left in Figure 5.4a, we illustrate the process of correcting a misunder-
standing that is closely related to the corrected instruction; while to the right (Figure 5.4b),
we depict the case where correcting the misunderstanding changes the whole meaning. Vi-
sualized are the rewarding states that, on the left, overlap and, on the right, are completely
disjoint. An example of the first case would be the instruction g, =“pick up the red ob-
ject” corresponding to the set S, that gets corrected by g.. = “actually, the cube”, where
gy = g¢ © Gac NOW maps to a smaller set of rewarding states Sg,- The same idea could be
applied to Figure 5.4b, where the instruction g,= “pick up the red object” gets corrected by
Gac = “sorry, the blue object”, resulting in a rewarding state mapping S, disjoint from the

original set of states S, .
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5.4 LANRO Action Correction Extension

In the following, we describe how LANRQO integrates the proposed concept of action
corrections into the simulated robotic environment setup.

With the publication Roder and Eppe (2022), we extended our LANRO environment
from our previous work Roder et al. (2022) to include the presented lingual action correction
feedback. A predefined and task-dependent condition function (Equation 3.3) allows us
to detect interactions with correct, but also wrong objects as well. The wrong object
interactions trigger the mechanism to return the action correction.

Our implementation generally considers two initial conditions the episodes start with.
We illustrate this branching of misunderstandings in Figure 5.5, with three example objects.
To the left, we initially have a valid instruction “reach the red cube”, with which the
agent, under normal circumstances, could uniquely identify the goal object. Following this,
we have misunderstandings due to the lack of common ground and the false instructions as
possible causes. On the right side of Figure 5.5, an underspecification “reach the cube”
provides the situation-dependent instruction that causes the misunderstanding — our case
of ambiguity.

Initializing an episode, our instruction generator utilizing a semantic grammar regards
the properties of the present objects and references that could be used. For the example
in Figure 5.2, we have 3 objects on the table, of which 2 are green. This is a result of
additional checks that we employ to avoid unsolvable episodes. Different to our previous
work, we enforce feature overlaps in the action correction setting (Roder and Eppe, 2022).
To retain settings that could be solved by the agent, we need to ensure that objects have
at most one property in common, making them unambiguous if both properties are part of
the instruction. For example, referencing the “red cube” or “red” in the initial instruction
and “cube” appearing in the action correction. This ensures that the original instruction
and correction combination makes the goal object uniquely identifiable.

In the action correction tasks of LANRO, we determine that the agent needs to solve
a misunderstanding only 50% of the time. This is randomly defined at the beginning of
each episode, while the other case is exactly the usual language-conditioned setting from
Section 3.4. Apart from providing a natural curriculum of solving simple tasks and the
more difficult action correction tasks, conversational repairs also happen frequently but
not constantly, making our setting even more realistic. Furthermore, our implementation
allows the action correction to technically appear only once per episode. Therefore, the
agent needs to solve tasks provided for up to two goals. As this requires more time, we
increase the total amount of episode steps to T' = 100, essentially doubling it compared to
the normal tasks from Section 3.4.

In the following paragraphs, we describe the implementations of our three types of
misunderstandings and the procedure of generating the action corrections in detail.

Ambiguity To enforce a scenario involving ambiguity, the instruction generator only
refers to one property of the goal object randomly, e.g., “green” or “cube”. For this, we
consider a scenario like Figure 5.2 as an example. An instruction like “reach the green
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iReach the red cube) iReach the cube]
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i. .., not the green cuboid.

J i, actually, the green one.J i not the green one. J

i. .., sorry, the red cube.

False instruction Ambiguity

Figure 5.5: This figure illustrates the possible action correction scenarios implemented by
LANRO. We depict a setting with a red and green cube, and a green cuboid. To the
left, we have an initial valid instruction that follows misunderstandings caused by a lack
of common ground or an instructor mistake. To the right, the ambiguity is caused by an
underspecified statement.

object” as an underspecified statement could only be resolved by an action correction
because there are two green objects on the table. Assuming the caretaker does not recognize
this flawed instruction, feedback is returned when the agent is interacting with a non-goal
object. For this, we include, next to our usual feedback, negations that exclude specific
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properties to guide the agent towards the correct object, e.g., on touching the “red cube”,
uttering the correction “not the red one”. This type of misunderstanding directly integrates
the embodied nonverbal part of communication (Trott et al., 2016) within our benchmark.

Lack of common ground We have implemented this notion of misunderstanding as
negations that are returned when the agent interacts with a wrong object. Like in human-
to-human communication, participants provide feedback by saying “No, not the red one
..the green one.”, as they see someone wrongly responding to a command like “Pick up
the green cube”. This could be achieved by observing the acting partner’s generated state
trajectory. Getting feedback at a specific point in time enables the agent to consider the
immediate states as representing interactions with incorrect objects. Now, referencing an
object in the action correction with the same property consequently needs to be further
away and not part of the experienced state trajectory. For example, in Figure 5.6, the
command “Touch the green cube” is followed by an interaction with the green cuboid and
the correction “no, the green cube” resolves this lack of common ground based on the
situatedness and the repetitive feedback alone.

In other words, being in a state where an interaction with a green object happens,
while not being rewarded and instead receiving the action correction “no, the green cube”
hints at the current object being wrong and switching to the other green object, the green
cube. This setup coincides with the Markov property and is solvable without a memory
that stores the experienced states.

Instruction Correction To simulate the phenomenon of lapsus linguae, we incorporate
a random hesitation of up to 5 timesteps, emulating a delayed action correction that occurs
when the operator recognizes a discrepancy between the desired and executed behavior.
This replicates a scenario where a human quickly corrects an erroneous instruction, akin to
speaking faster than thinking or simply committing an instructional error. This mechanism
allows for a more realistic simulation of human-robot interaction, capturing the inherent
imperfections and adaptability present in real-world scenarios. By incorporating such
nuances, we aim to develop a more robust and flexible system capable of handling the
complexities of human communication and decision-making processes.

Grammar Like the original instructions in LANRO (Roder et al., 2022), we have im-
plemented our three types of misunderstandings as represented by the Backus-Naur form
in Figure 5.7. We essentially combine the original instructions following the rules from
Figure 3.17 with those below, denoted by the extended instruction combination of the
original goal <INSTRUCTION> and the action correction <CORRECTION>.

For our multitask setting, we propose action corrections for the task verbs that can
get corrected. We consider these as task corrections, where the caretaker revises the
faulty instruction that deviates from the desired behavior. For instance, this could
involve making the agent switch to the push task when currently executing the reach task
with the task correction “actually, touch it” after the initial instruction “push the red
object”. In Figure 5.8, we provide the Backus-Naur form, in which we depict the possible
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"Touch the green cube"

Start

"No, the green cube"

Figure 5.6: We illustrate the lack of common ground where the agent misunderstands the
instruction. Instead of reaching the “green cube”, it reaches the “green cuboid” instead. As
we do not know the cause of the misunderstanding, we provide the action correction “No,
the green cube” to contrast the agent’s current state (step 2) and object visited with the

actual instruction.

(EXTENDED INSTRUCTION
(CORRECTION
(BEGINNING

(EXCUSE

(NEGATION

(EDIT

T ~— — ~— ~ ~—

B A I | R R

(INSTRUCTION) (CORRECTION)
(BEGINNING) (ARTICLE) (OBJECT)
(EXCUSE) | (NEGATION) | (EDIT)
sorry |

not

actually | no

Figure 5.7: The extension of our Backus-Naur form grammar from Figure 3.17 for our
action corrections, including the negations. The provided definitions are applicable for all

language tasks (see Subsection 3.4.1).

action words by the task descriptors <REACH>, <PUSH>, <GRASP> and <LIFT>
that contain the respective verbs from Section 3.4. For this subset of corrections, we
implemented the instruction corrections only (see Subsection 5.2.3), while excluding the
negations. Negations in this setting are challenging to implement and would require an
expansion of the vocabulary to describe these in a formal manner.

Some task-related behaviors are not possible to change or revert. For instance, “grasp-
ing” and “lifting” are far too similar, as the agent lifting an object also grasps it. Thus, we
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(TASK CORRECTION INSTRUCTION) (CORRECTION)

) E A
(CORRECTION) E (BEGINNING) (ACTION) it
(ACTION) E (REACH) | (PUSH) | (GRASP) | (LIFT)
(BEGINNING) E (EXCUSE) | (EDIT)
(EXCUSE) E sorry |
(EDIT) E actually | no

Figure 5.8: The Backus-Naur form of our task corrections used in the multitask settings
of LANRO.

excluded those combinations that are too trivial or too difficult to solve. In other words,
we offer sequences of tasks that follow from action corrections with respect to the level
of difficulty we defined in Section 3.4.1. In Figure 5.9, we provide a selection of example
instructions based on the aforementioned grammar definitions in Figure 5.7 and Figure 5.8.

push the red object. sorry, the red cube.
push the green cube. not the green cuboid.
touch the blue cuboid. sorry, the red cuboid.

reach the yellow cuboid. actually, lift it.

Figure 5.9: Example instructions with action corrections used in LANRO.
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5.5 Action Correction Baselines

This section proposes our custom baseline algorithm with an extension for uncertainty
aware return estimation.

Solving action corrections involves reconsidering the current context and the incorpo-
rated language feedback jointly. For the experiments that follow in Section 5.7, we consider
the fully observable MDP with states containing the full extent of information about the
world (see Section 3.4). Returning the action correction g.. at a specific timestep ¢ facil-
itates correlating the world circumstances with the feedback, as the agent has positional
information of its end-effector and the objects in the scene.

We examine the action correction setting in both the single-task and the multitask
setting from Section 5.3, as the latter provides a greater challenge for current RL algorithms
and a more diverse range of corrections. Unlike the single-task setting, which focuses solely
on goal object identification, the multitask setting also provides feedback for behaviors,
such as “reaching” instead of “grasping” an object.

The action correction setting introduces higher uncertainty for the action selection and
value estimation than our original setting. Following an instruction, the agent cannot
be certain if and when the action correction will occur, thus requiring adaptation of its
behavior to account for the feedback signal.

Such challenges of increased difficulty often require specific RL approaches to address
the sample inefficiency because of the harder exploration. In the following section, we
introduce an extension of our baseline LCSAC that incorporates architectural and learn-
ing objective adjustments to represent goal uncertainty using an ensemble of deep neural
networks (see Goodfellow et al. (2016, Section 7.11)), employing the dropout technique for
Bayesian approximation (Gal and Ghahramani, 2016) of the state-action values.

5.5.1 Solving uncertainties with uncertain critics

Improving the sample efficiency of algorithms is an ongoing effort in the RL community
(Lillicrap et al., 2016; Schulman et al., 2017; Haarnoja et al., 2018). Just recently, the
method Dropout Q-functions (DroQ) proposed by Hiraoka et al. (2022) addressed the
issue of overly frequent policy updates, resulting in problems with estimation bias. The
main purpose, followed by similar works (Chen et al., 2021b), is to increase the number of
training iterations, hence gradient updates, after a fixed amount of environment steps used
for collecting training data. This ratio of training iterations compared to collecting data in
the environment is known as update-to-data (UTD) ratio. However, longer training runs
on less frequently collected experiences have been shown to have a detrimental effect.

The approach DroQ has been shown to be sample-efficient with respect to this ratio,
but is also computationally efficient because it utilizes a smaller ensemble than previous
methods (Chen et al., 2021b). It can be described as an extension to SAC that employs
a small ensemble of critics with dropout connections (Srivastava et al., 2014) and layer
normalization (see Ba et al. (2016) and Subsection 2.1.3), that on average doubles the
training performance (Hiraoka et al., 2022).

161



DroQ aligns with our idea to incorporate an awareness of uncertainty into the
action correction learning setting, providing a way to represent multiple future modes
in the sense of Bayesian inference. For this, we integrate DroQ, as a straightforward
extension for off-policy algorithms into our LCSAC baseline and highlight how injecting
uncertainties into the return estimation improves the performance of solving uncertain
linguistic goal specifications.

5.5.2 Language-Conditioned DroQ

We propose our implementation Language-Conditioned DroQ (LCDroQ), which incorpo-
rates the components of DroQ into our LCSAC algorithm (Roder et al., 2022). In the
following, we provide the detailed adjustments and the motivation behind this approach.
With Subsection 2.2.7, we presented the underlying SAC algorithm on which our approach
LCSAC, as a language-conditioned modification, builds. As an actor-critic approach, SAC
employs an actor network and a critic network as the distinct components for learning. Usu-
ally, works focus on improving the return estimation, as the critic guides the learning of the
actor and directly influences its gradients. Recent versions of SAC (Haarnoja et al., 2019)
extended the algorithm by an ensemble of usually N = 2 individual Q-functions, for which
the minimum of the target network predictions is used for learning (cf. Subsection 2.2.7).
This approach, known as clipped double Q-learning (Fujimoto et al., 2018), alleviates the
overestimation bias that typically occurs when employing a single critic. To further re-
duce the overestimation bias and address the volatile Q-value estimations, methods like
Randomized Ensembled Double Q-Learning (REDQ) (Chen et al., 2021b) and SAC-N (An
et al.; 2021) employ even larger critic ensembles of N = 3 to N = 20. However, larger
critic ensembles make learning less computationally efficient and seem like a brute force
approach. Because of this, Hiraoka et al. (2022) propose a more efficient version that
improves REDQ by employing a smaller Q-function ensemble. In a sense, DroQ implic-
itly employs a large ensemble by extending the Q-functions with additional dropout layers
paired with layer normalization (Ba et al., 2016). Both concepts have been introduced
in Subsection 2.1.3 and are a widely-used and efficient combination (Vaswani et al., 2017;
Radford et al., 2018; Devlin et al., 2019). To the left of Figure 5.10, we illustrate the
architecture of such a Q-function, which alternates dense layers, dropout layers, and layer
normalization with ReLU activations. To the right, we depict the ensemble of which we
use the minimum as an approximation for Kz, .. ox [mini:L,_.7N qui(s’ cal )}, according to
(Hiraoka et al., 2022).

Dropout is usually employed as a regularization technique to prevent deep neural
networks from overfitting (see Subsection 2.1.3). However, it has been shown to model
Bayesian approximation with deep neural networks (Gal and Ghahramani, 2016). This is
practically achieved by keeping the dropout enabled at all times, instead of turning it off
for evaluation on the validation or test set.

DroQ essentially implements an implicit distribution by which it incorporates model
uncertainty into the target approximation. The target approximation follows FEquation 5.2.
The expected target value is approximated by the proposal distribution g¢g,.
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Figure 5.10: To the left, we depict the structure of an individual dropout target Q-function
Q4, according to Hiraoka et al. (2022). The network consists of dense layers, dropout layers,
layer normalization and ReLLU functions, and outputs a Q-value ¢;. On the right, we depict
the ensemble of size N with the min operation to select the actual Q-value target prediction
q used for training (see Section 2.2.7). This figure is based on Hiraoka et al. (2022).
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From Equation 5.2 follows the approximation min,—; . n Qp, s,(s’,a’) based on the sample
average according to Hiraoka et al. (2022). Employing LCDroQ involves changing the
prior Q-functions @y, to the dropout Q-functions Q)p, e, hence the language-conditioned
Q-functions of LCSAC and the target functions @, , respectively. The changes concern
Equation 2.40, Equation 2.45, Equation 2.47 and Equation 2.46 shown in Subsection 2.2.7.

5.6 Hindsight Learning with Action Correction

Subsequently, we propose the extensions to our previous hindsight learning mechanisms
tailored for the action correction setup.

This section provides a continuation of our previous work on HIPSS, where wrong
object interactions are followed by self-predicted instructions for hindsight learning (see
Chapter 4 and Roder et al. (2022)). In this chapter, an action correction is returned,
and the agent needs to reconsider the overall task assignment. Initially, the agent is very
unlikely to solve the corrections, generating only a few successful episodes. We addressed
this issue with LCDroQ), as outlined in the experiments of Figure 5.13, which harvests
more successful action correction episodes for training HIPSS, episodes that are crucial
for learning to predict instructions and their corrections in hindsight. Unlike our previous
setting, language goal lengths now vary, and the model can no longer rely on filling slots
in a semantic grammar with the structure <werb> <article> <property 1> <property
2>. Previously, we initiated the language generation process with the placeholder word
<pad>, but for the dynamic length, we now also extend our seq2seq approach by adding
the start-of-sequence (<sos> ) and end-of-sequence (<eos> ) symbols (Sutskever et al.,
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2014) as part of the vocabulary. Similar to language modeling and machine translation
(Cho et al., 2014), HIPSS decides whether to finish the sentence generation early with an
<eos> prediction or to continue it with an action correction. In practice, this is achieved by
assigning higher probabilities to the possible sentence ending <eos> or the beginning of a
correction. In the following, we provide two example predictions explaining this procedure:

“<sos> push the red cube <eos>”
“<sos> push the red cube, actually the yellow cube <eos>”

Consider a scenario where the agent pushes the “green cube” while tasked to “push
the red cube”. Figure 5.11 illustrates multiple possibilities for this hindsight instruction
prediction to unfold.

Default instruction

) lv<e°s>vl

"<sos> push the green cube"

p \

"the blue cuboid <eos>"
—> "not" —l_;) 800
"the red cube <eos>"
—> "sorry" —l_;) e
"grasp it <eos>"
—)"actually"—l:: noa

¥ Action Correction J

Figure 5.11: The figure illustrates the various ways HIPSS can complete the instruction
“<sos> push the green cube”, considering multiple approaches to hindsight action correc-
tion. The initial instruction could be directly terminated with the <eos> symbol, followed
by a negation starting with “not”, or simply edited with phrases like “sorry” or “actually”,
each potentially followed by a different object description or task behavior.

We depicted the sentence “push the green cube” as the initial hindsight prediction,
following the same procedure shown in Chapter 4. In this case, the model would end
the prediction with the <eos> symbol. However, employing HIPSS for action corrections
introduces the additional challenge of considering other objects in the scene.

For the first branch, which continues language generation, the negation “not” is followed
by a description of an object that is not a “green cube”, including all other objects in
the scene with which the agent may have interacted incorrectly. This demonstrates how
the HIPSS model needs to be aware of the other goal objects to hypothesize potential
interaction failures. In this example, we assume a “blue cuboid” is present in the scene
and involved in a wrong interaction because the agent confused the colors, potentially
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due to a lack of common ground (Chai et al., 2014) (cf. Subsection 5.2.2). The resulting
hindsight action correction instruction “push the green cube, not the blue cuboid” in a sense
simulates the wrong interaction with the “blue cuboid”, followed by feedback guiding the
agent towards the correct goal object, the “green cube”.

The second branch, starting with a “sorry”, could indicate an instruction correction (cf.
Subsection 5.2.3). Such a sentence might be completed with the action correction “sorry,
the red cube”, referring to another possible object in the scene. The third branch functions
similarly but uses the editing term “actually”, followed by an action-related correction
“grasp it”, that is part of our multitask environment (see Section 3.4.1). In both paths,
the initial instruction could refer to any object; we only require the instruction plus the
action correction to match a goal configuration met in hindsight.

HIPSS naturally implements all of the aforementioned cases by randomly sampling
according to its probability distribution of next word predictions with the highest likeli-
hood. The challenge of learning to predict action corrections lies in the scarcity of the
much harder-to-solve conversational repairs. We address this issue with our implemen-
tation of LCDroQ, which improves upon LCSAC as shown in the upcoming section in
Figure 5.13. LCDroQ generates more successful action correction episodes that serve as
training samples for HIPSS.

Sampling action corrections remains unlikely as there are only a few of those episodes.
To conduct the hindsight learning, we pretend to have solved an action correction on a first
sensible object interaction. The difference is that we generate not only simple hindsight
instructions but also the ones extended by the action correction. For this, we provide
HIPSS with the initial goal instruction and let it generate only the correction g,., instead
of predicting the entire adjusted language goal gy o g... Our implementation provides the
initial instruction as given, either by teacher forcing it upon the seq2seq model HIPSS or
adapting the causal masking for our Transformer-based approach THIPSS. For hindsight
learning, we randomly decide whether to complete an instruction or predict the whole
instruction according to Algorithm 5.

Algorithm 5 HIPSS Action Correction Generation

My HIPSS model Ts state trajectory
g¢ initial language goal o concatenation operator

1: Randomly decide to bootstrap action correction generation

2: if bootstrap is triggered then

3 Generate action correction based on state trajectory and language goal
4 gac — Mﬁ(TsagZ)

5. Form corrected goal gy <— gs © Gac

6: else

7. Generate hindsight instruction according to Chapter 4

8: o < My (T s)

9: end if

10: return gy

We additionally illustrate this in Figure 5.12, which shows the generation of the action
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correction based on the state trajectory and the initial instruction, “push the red cube”.
To predict the action correction word by word, we model the probability of the sequence

Gac = (Wi, wit1, ..., wr) according to Equation 5.3, where 74 represents the state trajectory,
and g, = (wg, w1, ..., w;_1) the sequence of preceding words of the initial instruction.
L
p(gac | Tsygf) = Hp(wj | Tsaw0aw17"-awj—1) (53)
j=i

g

Y
"Push the red cube" ‘ "no, the blue cube"

Ts —>» Encoder

Figure 5.12: The hindsight action correction instruction is generated by completing the
provided initial instruction, “push the red cube” (red box), with the action correction
prediction, “no, the blue cube” (blue box).

As action corrections occur whenever the agent interacts with a non-goal object, our
hindsight replay strategies from Section 4.5 address these transitions by replaying them
within a similar range of timesteps. For instance, the future strategy (Figure 4.7) involves
transitions when non-goal object interactions occur and shortly afterward, consulting the
action correction delay we introduced for a more realistic training setting.
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5.7 Experiments

In what follows, we provide the results for our action correction setting, employing our
new uncertainty-aware language-conditioned algorithm, LCDro@Q. Nezt, we highlight re-
sults obtained by utilizing our developmental learning approaches, HEIR, HIPSS, and
THIPSS, as hindsight replay extensions in the dynamic goal setting involving conversa-
tional misunderstandings.

This section presents the results of our extension to LCSAC, termed Language-Conditioned
DroQ (LCDroQ). We demonstrate a four-fold improvement in sample efficiency, attributable
to the incorporation of model uncertainty through the DroQ components, as detailed in
Subsection 5.5.2. To highlight the efficacy of our approach, we provide comparative re-
sults from a selection of action correction tasks, focusing exclusively on the two methods.
Both methods employ identical implementations, with the DroQ component being enabled
or disabled via a straightforward hyperparameter adjustment. Table 5.1 summarizes the
modifications, corresponding to the key components illustrated in Figure 5.10.

Method ‘ Dropout Rate Layer Normalization

LCSAC 0.0 False
LCDroQ 0.01 True

Table 5.1: Hyperparameter settings for the critic ensemble in LCSAC and LCDroQ), as
recommended by Hiraoka et al. (2022).

Figures 5.13 and 5.14 depict that LCDroQ consistently outperforms LCSAC across
all scenarios, validating its selection as a robust baseline for the subsequent experiments of
this thesis. The success rate is shown on the y-axis, and environment steps are shown on
the x-axis. For the success metric, we plot the mean with the 90% confidence interval as
a shaded region, calculated over 5 random seeds. For the experiments shown, we employ
self-attention as the language encoder, with additional results provided in Subsection B.3.1.

Single Task Action Correction In Figures 5.13a and 5.13b, one can observe that
LCDroQ outperforms LCSAC by a factor of 2 and up to 8, respectively. The improved
performance of LCDroQ can be attributed to the incorporation of uncertainty into the
critic architecture. We see that LCSAC is unable to surpass the 0.5 mark, e.g., in Fig-
ures 5.13a and 5.13e, which potentially involves only solving default instructions and not
even the misunderstandings. Only LCDroQ exceeds the 0.5 success rate in Figures 5.13a,
5.13b, 5.13e and 5.13f, essentially learning to handle action corrections after mastering the
simpler instruction-following task. However, in cases where this is not possible, LCDroQ
still provides a robust baseline that progresses in comparison to LCSAC (Figures 5.13d
and 5.13g).

This approach effectively mitigates the inherent uncertainty associated with goal in-
structions in the action correction setting. In this context, the agent needs to consider
potential changes to the current goal and their subsequent impact on the return estima-
tion. We postulate that a deterministic critic does not capture this uncertainty and instead
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Figure 5.13: This figure compares the performance of our previous LCSAC approach with
LCDroQ. We depict the environment steps taken (x-axis) and success rate (y-axis) of 5
trials, for which we plot the mean with the 90% confidence interval. We show results for self-
attention as the language encoder, while further results are provided in Section B.3.1. The
upper plots show the success rates for the normal action corrections, while the plots below
depict the more challenging setting with negations. The results indicate that negations are
generally more difficult to learn. However, LCDroQ outperforms the baseline LCSAC in
all the presented cases.

solely focuses on one future outcome, although there are actually two possibilities (cf. Fig-
ure 5.5). Consequently, the agent behaves more cautiously, anticipating action corrections,
and tends to adopt a more conservative strategy when solving tasks. In other words, the
agent preferentially selects environment states that maintain the flexibility to successfully
address potential upcoming action corrections. This applies, for instance, to environment
states from which it is easier to reverse unintended outcomes in case a different goal via a
correction is returned.

For the reach and grasp tasks (Figures 5.13a, 5.13¢, 5.13e and 5.13g), scenarios involving
negations present a slightly greater challenge compared to the standard action correc-
tion setting. In the reach task, the performance of LCDroQ in the negation scenario
(Figure 5.13e) is, on average, 0.2 points lower than in the default setting (Figure 5.13a).
Moreover, it struggles to achieve and maintain the perfect success rate of 1.0 observed in
the standard setup from Chapter 3. We attribute this to the difficulty of the negating
action corrections, despite this being the easiest environment setting. One can see that
LCDroQ outperforms LCSAC, achieving more than double the success rate.

Similar results are observed for the push task in Figures 5.13b and 5.13f. However, the
performance of LCSAC is lower, reaching a success rate of 0.15 in the default and barely
0.2 in the negations setting. In comparison, LCDroQ improves the success rate by a factor
of almost 8 and almost 4, respectively. The grasp and [ift tasks demonstrate a more pro-

168



nounced difference. Figures 5.13c and 5.13g illustrate LCDroQ in the grasp task, where
it plateaus at a success rate of 0.2, while LCSAC fails to make any notable progress.

In the [ift setting, the LCDroQ baseline plateaus in the negation scenario at an average
success rate of 0.05 (Figure 5.13h), while in the default setup (Figure 5.13d) it continues
to improve, surpassing a success rate of 0.1 after 150 million environment steps (three-
quarters of the timestep budget). As in the previous task, LCSAC also entirely fails to
learn.

Multitask Action Correction In the multitask setting, the disparity persists, albeit
less dramatically. LCDroQ achieves a maximum success rate of 0.3 in the default setup
(Figure 5.14a) and a value of 0.25 in the negation scenario (Figure 5.14b). Compared
to LCSAC, LCDroQ more than doubles the performance for instruction-following and
misunderstandings, and increases it by 0.1 for solving misunderstandings with negations.
These results suggest that adapting to a different task behavior has less impact when using
negations than in the previous single task cases.

\
\

success rate
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success rate
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timesteps 1e8 timesteps 1e8
(a) Multi3 Easy (b) Multi3 Easy Negations
LCSAC LCDroQ

Figure 5.14: We provide a comparative analysis of LCSAC and LCDroQ in the multitask
environment. Shown are the environment steps (x-axis) and the mean success rate for 5
trials including the 90% confidence interval (y-axis). To the left, we illustrate the default
action correction, while to the right, we show the correction setup incorporating negations.
The presented results only employ self-attention as the language encoder.

Summary Our novel algorithm, LCDroQ, demonstrates superior performance in the
action correction setting compared to our previous method, LCSAC (see Figures 5.13
and 5.14). We hypothesize that this improvement arises from the implicit probabilistic
representation of return estimates by LCDroQ, which contrasts with the single point
estimate used in LCSAC, associated with the correction feedback. By capturing the un-
certainty inherent in correction feedback, LCDroQ enables the policy to adjust its action
selection more conservatively, targeting environmental states where misunderstandings are
easier to resolve. Additionally, the probabilistic distribution of returns allows LCDroQ
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to effectively model two distinct behavioral modes: one for standard instruction-following
and another for resolving action corrections. This distinction is particularly evident in the
grasp and [ift settings, where LCSAC fails to even learn the usual instruction-following,
likely due to its inability to balance both scenarios effectively. Further results, including
evaluations with the other language encoders, are provided in Section B.3.1.

5.7.1 Critic Ensemble Uncertainty

In this section, we present qualitative results demonstrating the behavior of our critic
ensemble and how its uncertainty evolves during an episode when an action correction is
returned. Figure 5.15 illustrates the critic ensemble’s uncertainty over 80 action correction
episodes, each initialized with the same seed, across five scenarios: the individual reach,
push, grasp, and lift tasks (Figure 5.15a to Figure 5.15d), as well as the multitask setting
(Figure 5.15¢). The plots depict both the mean uncertainty and its standard deviation
(y-axis) over the course of the T = 100 episode steps (x-axis). For the four individual
tasks, a notable shift in uncertainty is observed at approximately ¢ = 10 timesteps, which
is the time it takes an optimal policy to arrive at the incorrect object and coincides with
the caretaker providing the action correction feedback.

The multitask scenario in Figure 5.15¢ exhibits an even greater uncertainty, as evi-
denced by the larger standard deviation. This increased variability effectively captures the
compounded uncertainty arising from both the goal object and task identification. Our
LCDroQ approach, by virtue of its ensemble architecture, is capable of capturing these
uncertainties. The method approximates a distribution over return estimations (refer to
Equation 5.2), thereby providing a robust mechanism for uncertainty estimation in these
settings.

Action Correction Trajectory We demonstrated how correcting an action corresponds
to a reduction in uncertainty, as the agent no longer anticipates feedback from the caretaker.
Figure 5.16 depicts a sample of the reach task with the trajectories before and after the
action correction occurs. The illustration depicts the start position (dashed circle) and
gripper XY-positions conditioned on the original instruction (represented by the blue dots
e). Subsequently, we show the action correction triggered by manipulating the green
object’s position (indicated by the green X markers). In response, the agent modifies its
behavior, approaching and manipulating the blue object (positions marked by the blue X
markers). The orange dots e represent the gripper’s position following the updated goal,
hence conditioned on the initial goal plus the correction. The red object in the top right
corner, denoted by the red X marker, remains untouched.
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Figure 5.15: We illustrate the critic ensemble uncertainty as an average of 80 action correc-
tion episodes across 5 tasks. The episode timesteps are shown on the x-axis, and the mean
return estimate with the standard deviation as a shaded region is shown on the y-axis. One
can see that around ¢ = 10 timesteps, the uncertainty drops drastically when the action
correction is returned by the caretaker upon interacting with the wrong object.

171



Action Correction "
0.05 - -
» e -~
. ~
~F -
0.00 - > - (o
’ * s
c \ : Start
3 lge
o ¢
£ —0.05 - |
>_
—0.10 - Gripper (Instruction)
' Gripper (Action Correction)
Red Object
. Green Object
~0.15 - End s o’ Blue Object
-0.15 -0.10 —-0.05 0.00 0.05

X Position

Figure 5.16: We illustrate the position of the agent’s gripper conditioned on the initial
instruction (blue dots @) and after the action correction appears (orange dots e). The
red, green, and blue objects are depicted by the X with their corresponding colors. The
agent starts at the circled position and approaches the green object, which it manipulates,
hence the cloud of green X markers. After receiving the action correction, it changes its
trajectory to approach and manipulate the blue object, denoted by the cloud of blue X
markers at the end of the episode.
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5.7.2 Hindsight Action Correction

In this section, we present the results of our hindsight learning approaches, HIPSS and
THIPSS. Furthermore, we also provide results for HEIR, although it cannot replay action
corrections in hindsight. However, it serves as another point of reference for the default
hindsight instruction replay. In the case of this joint hindsight instruction and action
correction setting, we allow half of the episodes to either be considered for hindsight replay
or return an action correction (cf. Section 5.4). As described in Section 5.6, we modified
our HIPSS models to incorporate action correction predictions. Figure 5.17 illustrates the
learning progress, demonstrating an increase in both the success rate (left) and the action
correction success rate (center), while the hindsight discovery rate (right) decreases. The
hindsight discovery rate quantifies the frequency of generating hindsight instructions when
the agent interacts with an incorrect object but no action correction is returned. A clear
indicator of learning progress is evident in the agent’s decreasing number of wrong object
interactions reflected by this metric. It is important to note that trajectories stored within
the replay buffer (cf. Section 2.2.7) continue to be utilized for hindsight learning as long as
they are not overwritten by new experiences. They continue contributing to the ongoing
learning process, even after no further hindsight learning signals are triggered.
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Figure 5.17: An exemplary illustration of the reach task, focusing on the frequency of
generating hindsight instructions, with respect to the overall success rate (Figure 5.17a)
and the action correction success rate (AC success rate on the y-axis) only (Figure 5.17b).
In Figure 5.17¢, we depict the hindsight instruction rate (HI rate) caused by wrong object
interactions. These interactions are, as expected, high in the beginning and decrease as
the agent progresses. The x-axis shows the environment steps, while the y-axis depicts the
respective metrics with their 90% confidence interval.

Basic Tasks

In Figure 5.18, we provide our hindsight action correction results for a selection of tasks
without any form of color or shape extension. This serves as an example only, focusing on
the challenge of solving two proposed goals during a single episode (cf. Section 5.4).

For the reach task (Figures 5.18a and 5.18¢), we observe the negation setting to be
harder to solve because of the lower success rate of our baseline LCDroQ. In the default
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action correction setting (Figure 5.18a), LCDroQ+THIPSS achieves the highest per-
formance, followed by the baseline LCDroQ, to which LCDroQ-+HIPSS also matches.
LCDroQ+HEIR performs the worst, mainly by only concentrating on episodes without
action corrections, as the replay mechanism does not support them, plateauing at a success
rate of 0.5, coinciding with the episode ratio (cf. Section 5.4). The results are vastly differ-
ent for the task with negations (Figure 5.18¢). Both HIPSS and THIPSS demonstrate
a higher success rate, surpassing LCDroQ after only a few hundred thousand steps and
reaching up to a 0.4 higher average success rate. LCDroQ, in this case, yields slightly
better results than LCDroQ-+HEIR, achieving a success rate of 0.6. LCDroQ+HEIR
again remains at a success rate of 0.5, probably not learning to solve negations at all.

The push task (Figures 5.18b and 5.18f) proves harder to solve than the previous
reach task, as there is more manipulation involved. In both plots, the extension of
LCDroQ with THIPSS outperforms even the one with HIPSS, while the performance
of LCDroQ and LCDroQ+HEIR is worse in both settings. In the default setting, de-
picted in Figure 5.18b, LCDroQ achieves a success rate of 0.4 and LCDroQ-+HEIR a
success rate of almost 0.2, whereas LCDroQ-+HIPSS surpasses the success rate of 0.6.
LCDroQ+THIPSS outperforms all approaches by reaching a value up to 1.0. In the
negation scenario (Figure 5.18f), HEIR provides similar results, only barely reaching a
success rate of 0.2 at the end of the training. The performance of LCDroQ and HIPSS
is mostly the same, reaching values of up to 0.5. Unexpectedly, THIPSS even exceeds
the success rate of 0.7, indicating that it seems to be easier for the policy learning to
solve action correction negations through hindsight instruction replay via egocentric
speech than through the usual replay.

The grasp task in Figures 5.18c and 5.18g shows similar results for all methods in the
default setting, with little variation in the negation setting. In the former, all approaches
end up at a success rate of 0.15 to 0.2. In the setup with negations, similar values are
achieved, while LCDroQ catches up to LCDroQ+HIPSS, and THIPSS is leading by
a small margin, showing how egocentric speech could still exploit the higher variations of
action corrections.

Similar to the grasp task, the approaches depicted for the lift task perform poorly. For
the default setting in Figure 5.18d, all the methods achieve success rates of 0.15. In the
negations setting in Figure 5.18h, the results are similar. However, the baseline and the
expert feedback HEIR perform slightly worse, while THIPSS shows a small advantage
over HIPSS.

Summary The results suggest that HIPSS and THIPSS yield useful results in all of
the cases where the policy can make sufficient progress, like the reach and push tasks, to
actually address the challenge of goal identification where language plays a primary role.
For the tasks that are already too challenging, such as learning the manipulation in the
grasp and lift tasks, the hindsight methods cannot utilize their full potential. All the pre-
sented experiments utilize the GRU as the language encoder, whereas further experiments
are included in Subsection B.3.2. For each approach, we plot the average success rate and
the 90% confidence interval for 5 random seeds.

174



timesteps 1e8

(a) Reach

= e rr————

o,

—

2
RY

s ot coy o nen 1R WD

success rate

ecoeooo
ISE SN

[w]

1
timesteps 1e8

(e) Reach Negations

LCDroQ

timesteps 1e8

(b) Push

208

< U.

= -
% 0.6

804

é 02 .—’-—"a"‘

0.0 0 |

timesteps 1e8

(f) Push Negations
LCDroQ+HEIR

0 0.4

£03

202
§ 0.1 g 7
0.0 =

0

1
timesteps 1e8

(c) Grasp

timesteps 1e8
(g) Grasp Negations
LCDroQ+THIPSS

o 0.4
203
202
§ 0.1
0.0

=

0 1
timesteps 1e8

(d) Lift

004
0.3

72}

20.2

3
5 0.0 -l
0 1
timesteps 1e8

(h) Lift Negations

LCDroQ+HIPSS

Figure 5.18: We depict our baseline LCDroQ, next to LCDroQ+HEIR as the base-
line extended by the expert feedback, and LCDroQ-+HIPSS and LCDroQ-+THIPSS,
where HIPSS and THIPSS incorporate the egocentric speech approaches from Sec-
tion 4.7. Action correction challenges for the reach, push, grasp, and lift tasks without
any form of color or shape extension are shown. The default action correction tasks are
shown in the first row, while those with negations are depicted in the second row. We
show the average success rate and the 90% confidence interval for 5 random seeds (y-axis)
with respect to the number of environment steps taken (x-axis). We employ the GRU as
a language encoder, while we provide further results in Figure B.16.
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Reach and Push Color-Shape Extensions

In the following, we provide results for a selection of more difficult tasks, extending the
range of colors and shapes that the agent encounters. This yields an interesting setting for
HEIR, HIPSS, and THIPSS, as previously shown, in which a higher diversity of instruc-
tions can enhance the effect of hindsight learning (Roder et al., 2022) (see Section 4.9.4).

For the reach task with additional colors, we present results for the default setting
in Figure 5.19a and the negations in Figure 5.19¢. In both settings, HEIR, HIPSS,
and THIPSS provide the best success results. LCDroQ in this case fails to make any
learning progress, only reaching a success rate of 0.05 to 0.1. As HEIR and THIPSS
reach success rates of 0.3 in the default case and HEIR and HIPSS values of 0.2 in the
case of the negations, we expect the methods to only solve the usual instruction following,
without even tackling the action corrections, which would be guaranteed upon exceeding
the 0.5 mark. Similar insights can be drawn from the reach task with the shape extension
(Figures 5.19b and 5.19f), where THIPSS lags behind, while HEIR and HIPSS are
leading.

For the push task with additional colors (Figures 5.19¢ and 5.19¢g) and shapes (Fig-
ures 5.19d and 5.19h), we do not observe any noteworthy training progress, indicating
that these tasks are too challenging for our current approaches, except for THIPSS in
Figure 5.19d, which shows minimal progress.
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Figure 5.19: We illustrate experimental results for our approaches LCDroQ,
LCDroQ+HEIR, LCDroQ+HIPSS, and LCDroQ+THIPSS in the reach and push
action correction tasks involving the color and shape extensions. Depicted are the average
success rates, with the shaded regions indicating the 90% confidence interval (y-axis), and
the environment steps taken (x-axis). All trials employ the GRU language encoder and
contain 5 random seeds.
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Summary In all reach tasks, only the HEIR and HIPSS replay extensions are capable
of making significant learning progress, although THIPSS also performs quite well while
lagging slightly behind. LCDroQ-+HEIR, LCDroQ-+HIPSS and LCDroQ-+THIPSS
exceed the success rate of LCDroQ by up to a factor of 4 (Figures 5.19a and 5.19¢) and
even reach success rates up to 7 times higher (Figures 5.19b and 5.19f). The performance
of the HIPSS replay extension can only be explained by the scarcity of successful episodes
(the training samples for the seq2seq model) and an uneven distribution of training samples,
as hinted at in Subsection 4.9.5. The variations of the push task did not provide meaningful
insights, suggesting that they are too challenging for our current approaches.

Multitask

Our last batch of hindsight action correction experiments concerns the multitask setting
for both the default and negation misunderstanding setup. Unlike the previous challenges,
action corrections also incorporate the task behavior that could potentially be corrected,
referencing the task verbs. This makes the language setup even more challenging by pro-
viding a higher diversity of instruction correction combinations (cf. Section 3.4.1). As
shown in Figure 5.20 for the action correction case, our approach HIPSS exploits this
language diversity and surpasses our baseline LCDroQ by a success rate of up to 0.3 in
the default and 0.5 in the negations setting. In general, HIPSS is closely followed by
HEIR and THIPSS, while in Figure 5.20b it surpasses them with an even larger margin.
We provide further results in Section B.3.
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Figure 5.20: We depict the experimental results for our easy multitask settings involving
misunderstandings without and with negations. The graphs show the average success rate
and the 90% confidence interval on the y-axis with the taken environment steps on the x-
axis. Each average is the results of 5 random seeds all using the GRU as language encoder,
with more results shown in Section B.3.

Summary Both misunderstanding variations do not indicate significant differences for
the most part. However, LCDroQ-+HIPSS shows to better exploit the action corrections
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with negations, as shown by its higher success rate. Similar to the previous experiments in
the prior paragraph (see Figure 5.18), HIPSS is capable of exceeding the perfect expert
instructions of HEIR, highlighting it as a valuable approach for language grounding in
conversational settings with communication noise induced through the self-speech.

5.8 Summary

This chapter explored the aspects of action corrections within our language-conditioned
reinforcement learning benchmark LANRO, particularly focusing on a verbal /nonverbal
conversation between a synthetic caretaker and a robot. We introduced a fundamental
issue of interpreting and executing language instructions by robots, investigating the nu-
ances and challenges of communication, namely misunderstandings caused by ambiguities,
the lack of common ground, and the inherent imperfections in human communication,
such as disfluencies through the faults of the speaker’s tongue. We are among the first
to model conversational action corrections within RL using our LANRO environment to
build a setup that jointly considers verbal and physical features in a sparse reward setting.
Modeling conversational misunderstandings could be viewed as a sequential multitask set-
ting. Although we presented this setting for two distinct goals, the initial instruction and
the subsequent action correction, future work might consider the case of more than two
tasks and even the unlimited continual learning case. With this, we can positively answer
Research Question 3 as we provide a benchmark that needs to jointly consider both
the situatedness of the agent and the caretaker instructions. To resolve misunderstandings
within this language-conditioned RL setting, we introduced our novel method LCDroQ in
Section 5.5 that incorporates the notion of uncertainty into the critic function, addressing
the uncertainty of the instruction because the agent cannot be sure whether an action
correction will follow. The experiments showcase that LCDroQ outperforms our prior
LCSAC approach in all shown experiments by a factor of up to 8 (Figure 5.13b). As a
second contribution, we employ our HIPSS and THIPSS approaches within the action
correction setup to support the grounding of noisy instructions and action corrections in
hindsight. The experiments showcase the synergy of LCDroQ to improve the performance
of the agent in order to harvest successful episodes and HIPSS to exploit them to learn the
action correction prediction, later used for hindsight learning. According to the presented
results, especially in the basic reach and push tasks, as well as the multitask setting, we can
positively answer Research Question 4. Both hindsight prediction approaches, HIPSS
and THIPSS, improve solving the action correction tasks through hindsight instruction
and correction predictions, exceeding the performance of our baseline by a factor of 2 in
Figure 5.18b and close to 3 in Figure 5.20, respectively. This is in line with our work
Roder et al. (2022), where HIPSS exploits the mistakes made in difficult tasks with an
extended number of instructions. With this chapter, we highlighted the importance of situ-
ated language understanding in cases of misunderstandings that could only be resolved by
considering the situatedness and the verbal feedback. We expect these results to provide
helpful insights for human-robot interaction and other conversational systems.
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Chapter

Conclusions

The following section summarizes the thesis. We review and answer the proposed research
questions from Section 1.5 and conclude the work with thoughts on its limitations and
possible future directions.

In this thesis, we introduced mechanisms for sample-efficient language-conditioned re-
inforcement learning, presenting implementations grounded in concepts from cognitive sci-
ence and language development. To this end, we introduced our robotics benchmark,
LANRO, as a testbed for instruction-following and verbal /nonverbal conversation, with
various tasks for language grounding based solely on sparse rewards. We employ an exten-
sion of an established actor-critic algorithm to ground language, introducing various tech-
niques to process language goals alongside the sensor states of the Markov decision process
for action selection and return estimation. Next, we addressed the sample complexity in-
volved in language grounding, which requires millions of data samples to successfully learn
a policy that solves a task.

To alleviate the aforementioned sample complexity, we propose two hindsight learning
methods derived from goal-conditioned RL for the language-conditioned case, employing
the idea of hindsight instruction replay in the context of a developmental RL setup. This
setup considers a verbal/nonverbal interaction between a caretaker and a robot, where the
former provides goals as language instructions, and the latter communicates via physical
actions only. Of the two proposed methods that enhance sample efficiency, the first incor-
porates feedback from the caretaker, and the second employs a mechanism of egocentric
speech, allowing the agent to “talk to itself”. As expected, the expert feedback from the
caretaker improves the performance of the baseline by a factor of up to 3 (see Figure 4.21d),
as the hindsight language instructions always perfectly match the observed behaviors. In
contrast, our self-speech approach injects noise into the learning process, similar to a tod-
dler, by sometimes generating syntactic errors. This approach enhances the robustness
and stability of learning, improving asymptotic performance and outperforming both the
baseline and caretaker feedback by a factor of up to 8 (see Figure 4.22k).

The final set of contributions investigates the concept of conversational breakdowns
caused by misunderstandings, of which we distinguish three types: ambiguities, lack of
common ground, and instructor mistakes. We address misunderstandings in the same
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manner as in language-conditioned setups, by providing additional linguistic goal infor-
mation that we call action corrections. Our extension of LANRO implements this
conversational setting by allowing the instructor to extend the original language goal. In
this way, the agent must now solve two successive goals, presenting an increased challenge
because the agent needs to focus not only on the language but also on the state of the world
and any changes that might have been caused by the conversational failure. To address
this, we introduced a new type of language-conditioned algorithm that accounts for the
uncertainty of action corrections, significantly improving language grounding by a factor of
up to 8 (see Figure 5.13b). By improving the resolution of action corrections, we generated
sufficient number of successful episodes, which we used to train our hindsight instruction re-
play model, emulating egocentric speech. Compared to the expert feedback, which cannot
simulate action corrections for hindsight learning, the agent, through self-speech, improves
its ability to resolve noisy conversations by a factor of up to 2 (see Figures 5.18b and 5.18f).
Figure 6.1 summarizes this thesis by contrasting the paradigms of hindsight instructions
and action corrections, showing that both cases originate from an undesirable outcome.
Various factors, such as misunderstanding underspecified instructions, poorly conveyed di-
rectives, or a mismatch in shared common understanding, are possible causes. In any of
these cases, hindsight learning can directly utilize the outcome, relabeling it to learn as if
it were the desired one. Conversely, with action corrections, the operator recognizes the
misunderstanding and provides additional contextual feedback.

Reason of False

Outcome
Ambiguity
Resolving
Underspecification
Hindsight . Instruction Action
> fe———3>{ False Instruction . .
Instructions Correction Correction
Negation

P False Behavior

Figure 6.1: This figure contrasts hindsight instructions and action corrections, both of
which address undesirable outcomes stemming from various underlying reasons (center,
see Section 5.2). In the former case, undesirable outcomes guide retrospective learning,
whereas in the latter case, an action correction aims to revise the behavior that led to the

unwanted outcome resulting from a misunderstanding.

180



6.1 Answering the Research Questions

In the following sections, we summarize the core contributions of the presented chapters
for the research questions proposed in Section 1.5.

6.1.1 RQ1: Language Grounding with Sparse Rewards

To what degree can language grounding in robotics reinforcement learning tasks be exclu-
sively modeled through sparse rewards?

In Chapter 3, we introduced the concept of language processing for reinforcement learn-
ing, particularly the idea of language grounding based on sparse rewards. With Section 3.4,
we presented our language-learning robotics benchmark, LANguage RObotics (LANRO),
which provides a wide variety of tasks involving the manipulation of objects with differ-
ent properties. The robotic agent is tasked with following a language goal in the sense of
instruction-following, where the goals specify properties that must be parsed to identify the
goal object. These properties include various colors, shapes, sizes, and weights, requiring
a grounded understanding due to the physical differences involved (see Subsection 3.4.1).

Furthermore, we introduced our baseline algorithm, built on top of the Soft Actor-
Critic (SAC) introduced in Subsection 2.2.7, extended by the language extension called
Language-Conditioned Soft Actor-Critic (LCSAC). In Section 3.5, we present the results
of our initial LCSAC approach, introduced in Roder et al. (2022), alongside the deriva-
tive Language-Conditioned DroQ (LCDroQ), across a broad selection of tasks, which we
discussed in greater detail in Subsection 5.5.2. With these insights, we can positively an-
swer Research Question 1, as we provide extensive results in our language benchmark,
where the baseline shows learning progress in simple tasks but, as expected, struggles to
solve more challenging tasks with greater object property variations. Additionally, we offer
comparisons of different types of language encoders introduced in Subsection 3.2.3. How-
ever, there are many tasks that the baseline struggles to solve or that require millions of
environment interactions, highlighting the difficulty of exploration in sparsely rewarding
tasks and the associated sample complexity.

6.1.2 RQ2: Developmental Approaches for Efficient Language
Grounding

How can insights from developmental science enhance language grounding and learning
efficiency in intelligent robotic agents?

Language grounding still requires an extensive amount of experiences collected in the
environment, resulting in our baselines yielding poor sample efficiency. In Chapter 4, we
address this problem by investigating the notion of hindsight learning. Hindsight learning,
usually applied in the goal-conditioned setting, requires further adaptations to be usable for
the language-conditioned setting. Borrowing the notion of a caretaker (Colas et al., 2020;
Akakzia et al., 2021), our environment LANRO is extended by a mechanism that provides
the agent with a correct goal instruction after it fails to achieve the desired outcome. The
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actual outcome can still be useful if something valuable happened that could have been cor-
rect in a different context. Guided by our previous review (Roder et al., 2021), we highlight
two hindsight replay mechanisms that incorporate ideas from language development (cf.
Section 1.4). In the first approach, we employ the caretaker feedback that directly relabels
failures with suitable goal instructions in hindsight. This approach, called Hindsight Expert
Instruction Replay (HEIR), replicates the close interaction between a teacher and a learner.
In the second approach, we imitate the concept of egocentric speech. Instead of relying
on the caretaker’s feedback, the agent actually learns to “talk to itself”. In other words,
for undesired outcomes, the learner generates hindsight goal instructions autonomously.
This mapping is learned in a self-supervised manner, as the agent harnesses previous suc-
cessful episode outcomes as positive examples for training the egocentric speech model. In
Subsection 4.7.3, we describe the approaches called Hindsight Instruction Prediction from
State Sequences (HIPSS) and Transformer-based Hindsight Instruction Prediction from
State Sequences (THIPSS) as implementations of self-speech. Section 4.9 summarizes the
results for the aforementioned hindsight approaches. As expected, the expert feedback
outperforms the other methods in many tasks, achieving learning improvements by up to
a factor of 2 in comparisons to the baseline (see Figure 4.21). As shown by our prior
work (Roder et al., 2022), the egocentric speech approaches HIPSS and THIPSS achieve
performance comparable to the expert feedback of HEIR, with even better asymptotic
performance (see, e.g., Figures 4.22a to 4.22¢). This validates the idea of egocentric speech
as an effective improvement for instruction-following, in some cases even outperforming
HEIR (see Figures 4.22h, 4.22i, 41.22k and 4.221). This advantage can be attributed to the
noise induced by self-speech, as the model, like a toddler, sometimes generates syntactic
errors during the continuous learning phase. Further studies on systematic generaliza-
tion of HIPSS and THIPSS in Subsection 4.9.5 demonstrate their capability to generate
out-of-distribution object property combinations not encountered during training. We hy-
pothesize that our egocentric speech approach is a key method in language-conditioned RL
to resemble the phenomenon of the vocabulary spurt observed by Plunkett et al. (1992)
in early child development. Specifically, it serves as a method to mimic the self-narrating
speech of toddlers and fosters language learning and grounding.

These results confirm our hypothesis that mechanisms inspired by language develop-
ment can improve sample efficiency by utilizing hindsight language grounding. With this,
we can positively answer Research Question 2.

6.1.3 RQ3: Modeling the Problem of Misunderstandings

Is it feasible to develop a robust, embodied conversational human-robot interaction model
that functions as a standardized benchmark for assessing and quantifying misunderstand-
ings?

In Chapter 5, we examine the origin of failures caused by misunderstandings of the lan-
guage goals in a verbal/nonverbal conversation, where the instructor verbally commands
the agent to follow instructions solely through physical actions. Inspired by contemporary
work on dialog systems (Ashktorab et al., 2019) and human-robot interaction (Thierauf
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et al., 2023) that examine misunderstandings, we present our own interpretation of a
conversational reinforcement learning setup. To this end, we present three cases of misun-
derstanding that we have integrated into our language-conditioned reinforcement learning
benchmark LANRO, namely: ambiguities caused by underspecifications, a mismatch of
common ground, and the instructor mistakes. For each type of misunderstanding, we
implement a procedure that detects if the agent deviates from the desired behavior (see
Section 5.4). Following this, the caretaker provides the action correction as feedback,
based on which the agent attempts to adjust its behavior. In a way, the agent solves
two goals sequentially: the initial misunderstood instruction and the one extended by the
action correction (see Figure 5.3). Supported by our publication Roder and Eppe (2022),
we affirmatively address Research Question 3 by modeling the verbal /nonverbal dialog
containing action corrections in a reinforcement learning setting with two sequential goals
and sparse rewards.

6.1.4 RQ4: Solving Misunderstandings with Action Corrections

How can insights from cognitive science and developmental psychology be leveraged to
improve a reinforcement learning approach for resolving misunderstandings?

Learning to resolve uncertainties requires the agent to anticipate the possibility of
a misunderstanding arising when following simple instructions. In the second part of
Chapter 5, we introduced our extension of LCSAC, coined Language-Conditioned DroQ
(LCDroQ), which incorporates the idea of Dropout Q-functions (DroQ) proposed by Hi-
raoka et al. (2022). In essence, LCDroQ approximates Bayesian inference, helping to
account for multiple possible futures when interacting in an action correction setting. In
our case, LCDroQ is able to capture instructional uncertainty, as shown in Figure 5.15,
by employing an ensemble of dropout language-conditioned critic networks. This exten-
sion demonstrates its advantages in Section 5.7, where we compare the former LCSAC to
our novel LCDroQ approach, improving learning and, hence, the success rate of resolving
misunderstandings by up to a factor of 8 (see Figure 5.13b). The improvement achieved by
LCDro(Q makes it feasible only then to employ the self-supervised replay mechanisms, as
they require the agent to harvest enough successful episodes to learn the egocentric speech
mapping. In Section 5.6, we reintroduced HIPSS and THIPSS into the action correc-
tion setting, where they attempt to predict either default instructions or those extended
by the action corrections. Experiments utilizing self-generated instructions in Section 5.7
showcase an improvement in learning by a factor of up to 3 (see Figures 5.18b and 5.18f).
We also employ the hindsight expert instruction replay mechanism HEIR, which plateaus
at a success rate of 0.5, hence 50%, which aligns with our uniform sampling of episodic
instruction-following and action correction tasks (see Section 5.4). HEIR is not capable
of generating hindsight action corrections like HIPSS and THIPSS and, therefore, only
supports learning the default instruction-following. This highlights the advantages of the
self-supervised egocentric speech approach, which enables the agent to “talk to itself”, even
in the more challenging action correction tasks. Both the dropout ensemble and the self-
speech replay mechanism from Chapter 4 provide a positive answer to Research Question
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4 by significantly increasing the sample efficiency of resolving misunderstandings.

6.2 Limitations and Future Directions

In the following, we provide future pointers based on the limitations of our work.

Similar to previous studies (Hermann et al., 2017; Chevalier-Boisvert et al., 2019;
Cideron et al., 2020), our setup involves a simple kind of language and a restricted set
of objects. We made this decision when designing LANRO due to the difficulty of sparse
reward tasks that require learning both language understanding, to identify the goal, and
the policy behavior, to manipulate the identified goal object and solve the task from the
ground up. Works like Akakzia et al. (2021) consider a more sophisticated language,
employing sentences that involve spatial relations and conjugations while utilizing hand-
engineered language representations for this purpose. We assume that integrating a more
sophisticated language in combination with a more advanced language encoding procedure
could drastically improve the presented approaches, making them even more viable for
human-robot interaction (Chai et al., 2014; Eppe et al., 2017).

The results of this thesis only consider the fully observable MDP setting, while current
robotics applications rely on language and visual inputs (Nair et al., 2018b; Lynch and Ser-
manet, 2021; Ahn et al., 2023; Ma et al., 2023). Including pixel observations provides not
only a more realistic and general setup but also requires fewer assumptions about the struc-
ture of the underlying task. Nevertheless, such setups often demand more computational
power, and their longer runtime slows down the progress of developing novel algorithmic
ideas. Hence, we investigated our approaches in the more computationally efficient setting
of state-based inputs and believe that many of the insights generated can transfer to the
visuo-lingual domain.

Our action correction setting incorporates only three different types of misunderstand-
ings. However, there are many more types of conversational failures that require different
forms of correction, which are not considered in this work. This limitation is mainly linked
to the simplified language that we use when instructing the agent. Extending this scope
would also introduce different situations that require other kinds of action corrections, as
listed in Section 5.2.3. Although our setup only considers one action correction (see Sec-
tion 5.3), we provided a general formulation that could incorporate an unlimited sequence
of action corrections, thus resembling a continual learning setting with constantly changing
goals.

The action correction setting does not involve natural language generated by the robot
for communication purposes but only utilizes it for hindsight instruction replay (Roder
et al., 2022). We posit that, with current insights from language modeling (Brown et al.,
2020), generating robot utterances is becoming increasingly feasible. Other works have
shown that the agent can communicate its current perceptions to inform the instructor
about its limitations (Chai et al., 2014). For instance, the agent might request further
information or express its uncertainty regarding upcoming courses of action instead of
waiting for an intervention.
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Although LLMs, as mentioned in the introduction of this thesis, to a certain extent
lack the representations obtained by grounding, one possible use case could be to translate
the action corrections and negations of Chapter 5 into simple goal instructions that the
agent could directly solve, rather than learning the full resolution process end-to-end. For
example, mapping the action-corrected instruction “push the red cube, sorry, the blue one”
into “push the blue cube”. Other approaches consider using LLMs to synthesize routines
that the agent should execute (Huang et al., 2023a) or to accompany instruction-following
for textual observations (Carta et al., 2023), which is particularly relevant for contemporary
dialog systems.
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|Appendix A

Algorithm Details

A.1 Language Encoder Details

Word Embedding For all word embeddings, we use vectors in Rmbedding where dembedding
is 64.

Multilayer Perceptron The MLP as language encoder flattens the input sentence of
length L into a vector of size RL-dembedading We set the output dimensionality of the MLP
to 256.

Gated Recurrent Unit The recurrent neural network that we employ as language
encoder contains a single GRU cell (Cho et al., 2014) with a hidden size of 256. We return
the last hidden state as the language encoding.

Self-Attention For the self-attention based language encoder (Vaswani et al., 2017), we
process the input sentence of individual word embeddings RZ*dembedding a5 a whole to allow
the attention to encode word-based relationships. We fix the number of heads to 1, the
dimensionality for the query d, = 32, key d;, = 32 and value d, = 32 vectors, and the
output dimension to d, = 64. We flatten the whole sentence representation to get a vector
of size RFde
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A.2 Language-Conditioned Soft Actor-Critic

Parameter Values
batch size 256
hidden size of MLPs 256, 256
MLP activation functions ReLU
learning rate actor, critic and temperature le—3
number of workers 16
initial temperature coefficient « 0.2
buffer size le+-6
discount -y 0.98
update-to-data ratio 10
polyak p 0.995
number of critics 2
critic dropout rate 0.0
critic layer normalization False

Table A.1: The hyperparameters for our LCSAC baseline first introduced in Roder et al.
(2022).

A.3 Language-Conditioned DroQ

Parameter Values
batch size 256
hidden size of MLPs 256, 256
MLP activation functions ReLU
learning rate actor, critic and temperature | le—3
number of workers 16
initial temperature coefficient o 0.2
buffer size le+4-6
discount -y 0.98
update-to-data ratio 10
polyak p 0.995
number of critics 2
critic dropout rate 0.01
critic layer normalization True

Table A.2: The hyperparameters for our novel baseline LCDroQ derived from our previ-
ous LCSAC implementation (Roder et al., 2022) and extended by the DroQ algorithm
(Hiraoka et al., 2022).
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A.4 Hindsight Instruction Prediction from State Se-

quences

Parameter Values
learning rate 0.0003

batch size 32

sequence limit 20

max gradient norm 1.0
validation accuracy threshold 0.7
validation dataset ratio 0.2

buffer size 5000 x sequence limit

Table A.3: We provide the hyperparameters that both HIPSS and THIPSS share.

Parameter Values
encoder hidden size 256
decoder hidden size 256
activation functions ReLU
teacher forcing ratio 0.5
dropout rate 0.2
word embedding size | 128

Table A.4: The hyperparameters for the seq2seq model HIPSS.
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Parameter

Values

MLP block hidden size

MLP block activation functions
MLP block dropout rate

MLP block kernel initialization
MLP block bias initialization
encoder number of blocks
encoder dropout rate

encoder number heads

encoder d,

encoder dy,

encoder d,

encoder attention dropout rate
encoder kernel initialization
encoder bias initialization
decoder number of blocks
decoder dropout rate

decoder number heads

decoder word embedding size
decoder d,

decoder d,

decoder d,

decoder attention dropout rate
decoder kernel initialization
decoder bias initialization
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64
ReLU
0.1
xavier uniform
normal
2
0.1
4
32
32
32
0.1
xavier uniform
normal
2
0.1
4
128
32
32
32
0.1
xavier uniform
normal

Table A.5: The hyperparameters for our Transformer-based encoder-decoder THIPSS.



|Appendix B

Experimental Results

B.1 Language Experiments

In this section of the appendix, we provide the complete results of our language-conditioned
baseline LCDroQ, complementing Section 3.5. As a continuation from our previous work
Roder et al. (2022), we highlight both settings in LANRO that involve 2 and 3 ob-
jects. The setting with 2 objects (see Subsection B.1.1) provides a suitable initial setup
to investigate language grounding with sparse rewards, but it is also limited as the goal
identification by chance is already correct 50% of the time. Our setup with 3 objects (see
Subsection B.1.2) makes this more difficult, and therefore provides a thorough verification
of our implementations.

The plots in this section use 3 random seeds to calculate the average success rate shown
on the y-axis and the environment steps shown on the x-axis. The shaded area depicts the
90% confidence interval of the success rate.
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B.1.1 Setting with Two Objects
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Figure B.1: Illustrated are column-wise from left to right, the Default, Color, Shape, Weight,
and Size options from Table 3.1. We showcase the tasks reach, push, grasp, and lift in each
row of the figure. Provided are the variations with only 2 objects in the scene.
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Figure B.2: Illustrated are, from left to right, the ColorShape, WeightShape, and SizeShape
options from Table 3.1 for the tasks reach, push, grasp, and lift in each row of the figure.
Scenes with 2 objects are shown. The extended range of property combinations makes
these tasks harder to solve.
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B.1.2 Setting with Three Objects
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Figure B.3: We illustrate from left to right within each column the Default, Color, Shape,
Weight, and Size options from Table 3.1, while we have the tasks reach, push, grasp, and
lift in each row of the figure. Provided are the variations with 3 objects in the scene, which

are more challenging as there is no 50-50 chance in identifying the correct object, as in the
case with 2 objects.
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Figure B.4: Illustrated are, column-wise, the ColorShape, WeightShape, and SizeShape
options from Table 3.1 for the tasks reach, push, grasp, and lift in each row of the figure.
Shown are the settings with 3 objects in the scene.
combinations makes these tasks harder to solve.
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Figure B.5: We depict column-wise the Default, Color, Shape, Weight, and Size options
from Table 3.1 for the easy, medium, and hard multitask settings in each row of the figure.
For all tasks, we include 3 objects. The extended range of property combinations, in
combination with the multiple tasks involved, makes these settings the hardest to solve
(see Section 3.4.1).
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B.2 Hindsight Instruction Experiments
In this section of the appendix, we provide complementary experimental results of our

different language encoder types and a broader selection of tasks used in our hindsight
experiments using HEIR, HIPSS, and THIPSS.

B.2.1 Expert Feedback without Hindsight Bias
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Figure B.6: Complementary experiments for LCDroQ and HEIR, utilizing the GRU as
language encoder.
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Figure B.8: Complementary experiments for LCDro(Q and HEIR utilizing the self-
attention as language encoder.
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self-attention as language encoder.
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B.2.2 Hindsight Instruction Prediction Experiments
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Figure B.10: Complementary experiments for LCDroQ, HEIR, HIPSS, and THIPSS
utilizing the GRU as language encoder.
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Figure B.11: Complementary multitask experiments for LCDroQ, HEIR, HIPSS, and
THIPSS utilizing the GRU as language encoder.
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Figure B.12: Complementary experiments for LCDroQ, HEIR, HIPSS, and THIPSS
utilizing the self-attention as language encoder.
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Figure B.13: Complementary multitask experiments for LCDroQ, HEIR, HIPSS, and
THIPSS utilizing the self-attention as language encoder.
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B.3 Action Correction Experiments

This section provides the full results of our action correction experiments from Section 5.7.

B.3.1 LCSAC and LCDroQ Experiments
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Figure B.14: We provide the additional results for the GRU as language encoder, com-
paring LCSAC and LCDroQ.
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Figure B.15: We provide additional results for the action correction multitask setting with
and without negations using the GRU as language encoder. We compare the performance
of LCSAC and LCDroQ.
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B.3.2 Hindsight Action Correction Prediction
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Figure B.16: We depict additional action correction results for the default tasks, employing
the self-attention as language encoder in our LCDroQ, HEIR, HIPSS and THIPSS
approaches.
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Figure B.17: We depict additional action correction results for the challenging tasks

with the color and shape options, employing the self-attention language encoder in our
LCDroQ, HEIR, HIPSS and THIPSS approaches.
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Figure B.18: The multitask setting with action corrections, employing the self-attention
as language encoder in our LCDroQ, HEIR, HIPSS and THIPSS approaches.

205



© '_‘.T.W-"mﬂﬂl“
=08 ‘
A 0.6 2059 00 1 G eI OB L 8 29880 &
804
202
0.0 0 |
timesteps 1e8
(a) Reach3
004
203
o
Q V. -.i. ~
20,0 —E
0 1
timesteps 1e8
(e) Grasp 3
=== LCDroQ —_—

F— T ———————

timesteps 1e8

(b) Reach3 Negations

80.4

03

i e

300 —a”
0 1

timesteps 1e8

(f) Grasp3 Negations

LCDroQ+HEIR ——

timesteps 1e8

(c¢) Push3

04
203
%202 i
50.1 _M
175) OO ot
0 1
timesteps 1e8

(g) Lift3
LCDroQ+THIPSS .

sosns?

f -
PNT
- u
2

0 1
timesteps 1e8

(d) Push3 Negations

8 0.4

203

§ 0.2

$0.1

20.0 =g
0 1

timesteps 1e8
(h) Lift3 Negations
LCDroQ+HIPSS

Figure B.19: We depict additional action correction results for the default tasks, employing
the GRU as language encoder.
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Figure B.20: We depict additional action correction results for the challenging tasks with
the color and shape options, employing the GRU language encoder.
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guage encoder.
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(General Definitions

F#£correct predictions 129
#total predictions * ’

accuracy Accuracy represents the proportion of correct predictions,
204

actor A different word for policy in the context of the actor-critic approach. 204

actor-critic A reinforcement learning approach to combine policy gradient methods with
value learning. 204

ambiguity The characteristic of word or statement to having multiple interpretations or
meanings. 10, 204

critic A different word for the Q-function in the context of the actor-critic approach. 204

episode A single instance of a time-limited MDP, that at most allows T interactions but
could terminate earlier if, e.g., a specific condition is reached. 47, 204

goal A goal defines a desired state configuration by the environment and can itself be a
state, an image or a language instruction. 52, 204

goal-conditioned policy A function that maps sensory inputs and a goal to a distribu-
tion of actions. 53, 204

lapsus linguae Latin phrasing of a slip of the tongue; an error in speech, where the
speaker says something unintentional. 28, 152, 204

Markov Decision Process A Markov Decision Process (MDP) defines a sequential decision-
making problem with uncertain outcomes. 204

polysemy The property of a symbol or a word to have several meanings. 10, 146, 204

Q-function The action-value function Q7 (s, a;) is the expected return of being in state
s¢, selecting an action a; and following the policy 7 thereafter. 49, 204

slot-filling Slot-filling is the task of identifying and extracting specific pieces of informa-
tion (slots) from a user’s utterance, to fulfill a task or query. 148, 204
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success rate The success rate defines the fraction of episodes where the agent is able to

successfully achieve the goal state, hence ZSuccesstul episodes 55 79
’ F#total episodes )

underspecification The property of an utterance that is incomplete, ambiguous, or lacks
the relevant detail to determine its meaning. 146, 204

Value function The value function V7 (s;) of a policy 7 regresses the expected return for
a state s; when following 7 thereafter. 48, 204

Word2Vec A technique to obtain vector representations from words. 73, 204
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List of Symbols

G(71) The expected return for a provided trajectory. 204

Gy The expected return from timestep ¢ onwards. 204

H(X) The entropy of a random variable X, defined as H(X) = =" _ p(x)logp(x). 204
I(X;Y) The mutual information of two random variables X and Y. 204
Q™ The action-value function for a policy 7. 204

Qs The target critic or Q-function parameterized by ¢. 204

Q4 The critic or Q-function parameterized by ¢. 204

T Time horizon of an episode. 204

U Uniform distribution. 87, 204

V™ The state-value function for a policy 7. 204

A The action space as set of all actions. 45, 204

R Real numbers. 204

R The reward function returning scalar values. 45, 204

S The state space as set of all states. 45, 204

T The transition function to calculate the probability of the next state p(s’ | s,a) given
the current state and action. 45, 204

v The discount factor v € [0, 1) specifies the farsightedness of the agent. 46, 204
N Gaussian distribution. 204

7w A function that maps sensory inputs to a distribution of actions, 7(- | s). 44, 204
po The initial state distribution. 45, 204

® State to goal mapping function. 204

7s The state trajectory as sequence of environment states only, 7, = (sq, s1,...). 106, 118,
204

T A trajectory is a sequence of environment states and actions, 7 = (s, ag, 1, a1, - ..). 47,
204
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a An action output by the policy. 45, 204
gy The hindsight language goal. 2041

ge A language goal. 204

g A state-based goal. 204

p(X =2z | Y =y) Conditional probability of X taking the value x when Y takes on the
value y. 204

p(X = z) The probability of a random variable X taking the value z. 204
s’ The next state of a transition. 45, 204
s The current state of the agent. 45, 204

<eos> The end-of-sequence symbol commonly used in NLP to indicate the end of a sen-
tence, terminating language generation. 163, 204

<pad> The placeholder symbol commonly used in NLP. 204

<sos> The start-of-sequence symbol commonly used in NLP to indicate the start of a
sentence for language generation. 163, 204
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List of Acronyms

AT artificial intelligence. 1, 204
ANN artificial neural network. 35, 204

BERT Bidirectional Encoder Representations from Transformers. 74, 104, 121, 204
BNF Backus-Naur Form. 90, 91, 204, 242

CBOW Continuous Bag of Words. 73, 204

DL deep learning. 34, 204

DNN deep neural network. 56, 204

DOF degrees of freedom. 86, 204

DroQ Dropout Q-functions. 161, 183, 204

FIFO first in - first out. 59, 204

GloVe Global Vectors for Word Representation. 74, 204
GPT Generative Pre-trained Transformer. 4, 121, 204
GRU Gated-Recurrent Unit. 79, 119, 204

HEIR Hindsight Expert Instruction Replay. 23, 27, 110, 144, 182, 204
HER Hindsight Experience Replay. 23, 103, 106, 204
HIGhER Hindsight Generation for Experience Replay. 25, 104, 116, 204

HIPSS Hindsight Instruction Prediction from State Sequences. 25, 27, 116, 117, 131, 144,
182, 204, 254

HRI human-robot interaction. 63, 204

LANRO LANguage RObotics. 86, 181, 204
LCDroQ Language-Conditioned DroQ. 21, 27, 29, 92, 137, 162, 167, 181, 183, 204
LCSAC Language-Conditioned Soft Actor-Critic. 19, 21, 27, 82, 92, 181, 204
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LLM large language model. 1, 204
LSTM Long-Short Term Memory. 79, 204

MDP Markov decision process. 45, 204
MHA multi-head attention. 123, 127, 204, 245
ML machine learning. 34, 204

NLP natural language processing. 19, 34, 64, 204
OOD out-of-distribution. 102, 141, 204
PCA Principal Component Analysis. 71, 204

RL reinforcement learning. 5, 34, 44, 204
RINN recurrent neural network. 77, 117, 204
RPY roll pitch yaw. 86, 204

SAC Soft Actor-Critic. 19, 58, 181, 204
seq2seq Sequence-to-sequence. 117, 204
SGD stochastic gradient descent. 40, 204

TD temporal difference. 50, 204

THIPSS Transformer-based Hindsight Instruction Prediction from State Sequences. 25,
27, 126, 144, 182, 204

UTD update-to-data. 161, 204
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— a model designed to generate detailed visual representations of textual
descriptions — successfully produce the desired scene. This emphasizes the
aforementioned limitations of current systems in understanding language at
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We illustrate the relevance of other modalities when processing the sentence
“The big brown grizzly roars loudly”. To the left, a text-only model has no
access to the conceptual appearances related to visual and auditory descrip-
tions. It can only make sense of these on a textual basis. To the right, we
illustrate mental concepts that get triggered by hearing key words, such as
“big brown” and “roars loudly”. This figure is taken from our previous work
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image a) depicts learning driven by intrinsic motivation, characterized by
play and self-generated goal-setting. Image b) showcases learning influenced
by external factors, such as caregiver imitation (Paulus, 2014) and super-
vision. In the language grounding phase, image c) represents the agent
learning from external feedback resulting in outcomes based on intrinsic
factors. Image d) exemplifies instruction following, wherein the agent aims
to follow an instructor’s commands to obtain a reward. — Figure adapted
from Roder et al. (2021). . . . . . . . . Lo

The figure illustrates the idea of mental simulation. Harnessing its world
model, the agent mentally pictures itself executing the instruction uttered
by the caretaker. However, predictions are limited in terms of their ac-
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transparency of the blue cube and hand. — Figure adapted from Roder et
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Main outcome of Chapter 3 with 4 hand-selected experiments. The fig-
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perceptron (mlp), gated-recurrent unit (gru) (Cho et al., 2014), and the
scaled dot-product attention (Vaswani et al., 2017) (see Subsection 3.2.3
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ing their object attributes, such as the color, shape, and weight, and the
requested behavior itself. We report the mean success rate along with the
90% confidence interval (shaded area), calculated across 3 random seeds.

We illustrate the procedure of receiving the expert feedback, upon triggering
an outcome to which a hindsight language goal such as “Hand the red apple”

We depict a selection of experiments showing the advantage of incorporating
the HEIR approach into the base algorithm LCDroQ. As shown in Fig-
ure 1.9d, LCDroQ-+HEIR outperforms LCDroQ by a factor of 3. The
plots show the mean success rate along with the 90% confidence interval as
a shaded region on the y-axis, as well as the episode timesteps along the
x-axis. Each line represents the results averaged over 5 random seeds. . . .

This figure illustrates the concept of a sequence-to-sequence model (Sutskever
et al., 2014), applied in our setting as a replay mechanism that translates
a trajectory into a corresponding language goal, thereby implementing ego-
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[lustrated is a comparison of the former HEIR replay mechanism with the
novel egocentric speech approaches HIPSS and THIPSS. For a selection
of tasks, along with variations in color and shape, we depict the average
success rate for 5 random seeds, with the 90% confidence interval shown as
shaded region on the y-axis and the number of environment steps on the
x-axis. Comparing Figures 1.11a and 1.11d reveals significant differences
with respect to the performance of the expert approach HEIR, possibly
due to the different reaching and pushing behaviors involved. . . . . . . . .

We depict a scene with the ambiguous instruction “Hand me the apple,
please!”. Upon observing the robotic agent handing the red apple (bottom
left), the instructor utters the action correction, “No, the green one!”. The
agent then resolves the misunderstanding by taking back the red apple and
handing the greenone. . . . . . . . . ... Lo

The left diagram shows the architecture of a single dropout Q-function with
alternating dense, dropout, and normalization layers, paired with ReLU
activations. The right illustration depicts the clipped double-Q trick used
to calculate the target value for temporal difference learning. Redrawn
figure based on Hiraoka et al. (2022). . . . . ... .. ... .. ... ....

The performance of LCSAC and the dropout Q-function extension LCDroQ

is compared in a small selection of multitask and push action correction sce-
narios. LCDroQ consistently outperforms LCSAC, as shown by its higher
success rate, which accounts for both the standard instruction-following and
the resolution of misunderstandings. The y-axis represents the average suc-
cess rate with a 90% confidence interval (shaded region), plotted against the
environment steps on the x-axis. The results are averaged across 5 random
seeds. LCDroQ shows performance improvements of up to a factor of 8
(Figure 1.14c). . . . . oo o

We illustrate the branching mechanism of our egocentric speech model,
which predicts either the standard instructions from Chapter 4 (green box)
or the extended instructions incorporating action corrections from Chapter 5
(purple box). . . . ..

We illustrate the sequence-to-sequence approach, which now teacher forces
the initial instruction g, = “push the red cube” upon the generation of the
action correction “no, the blue cube”, given the state trajectory 7. . . . . .
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1.17 We present results for the basis LCDroQ, the expert feedback method

2.1

2.2

2.3

24

2.5

2.6

HEIR, and the egocentric speech approaches HIPSS and THIPSS across
various action correction scenarios. These scenarios include reach, push, and
multitask tasks, as well as tasks involving negations. The average success
rate, computed over 5 random seeds, is displayed on the y-axis, with envi-
ronment steps plotted on the x-axis. At least one of the egocentric speech
approaches consistently leads in performance, demonstrating the benefits of
learning to predict action corrections in hindsight. By contrast, the hind-
sight expert feedback approach HEIR focuses exclusively on default instruc-
tions and neglects corrective feedback replay, as evident in Figures 1.17a
and 1.17d, where it fails to exceed a success rate of 0.5. This result aligns
with our configured ratio of episodes containing misunderstandings versus
those without (cf. Section 5.4). . . . . . ... ... ... ...

Image taken from Molnar (2022, Section 10.1) based on Olah et al. (2017),
showing the increasing levels of abstraction (left to right) learned by the
Inception architecture. . . . . . . . . . ...

This figure illustrates, on the left, a single neuron with two inputs and one
output and, on the right, a neuron with two inputs and two outputs. Both
examples highlight the computations being applied to the data x with the
help of the weights w;; according to Equation 2.3. . . . . .. ... ... ..

[lustration of various activation functions and their gradients: The sigmoid
function o (left) produces vanishing gradients in regions of very low and
high input values, limiting effective training of neural networks. The hyper-
bolic tangent (center) exhibits similar saturation issues but performs better
than sigmoid when input values are consistently positive or negative. The
rectified linear unit (right), one of the most widely used activation functions
in deep learning, behaves linearly for positive inputs while outputting zero
for negative values. . . . . .. .. Lo

An illustration of a multilayer perceptron with two layers, a hidden layer
with two hidden nodes and an output layer with one node. The input layer
is not considered a layer in the literature. . . . . . . . ... ...

Visualization of dropout in a multilayer perceptron with 4 input nodes, 4
hidden nodes, and 3 output nodes. The left side of the figure presents the
full network, while the right side demonstrates the effect of dropout, with
deactivated connections depicted by the thin gray lines. . . . . . .. .. ..

[lustration of the reinforcement learning interaction-loop between the agent
and the environment. The agent receives the current state s; as input and,
based on this, generates an action a;. This action transitions the agent
into the following state s;,1, accompanied by the corresponding reward r;
Inreturn. . . . ..o
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2.7

2.8

2.9

2.10

2.11

3.1

3.2

3.3

3.4

Graphical model of the MDP, showing the sequential dependencies between
states s;, actions a;, and rewards r; for timesteps t = 0, 1, 2, 3. Each state s;
depends on the previous state s, 1 and action a;_1, following the transition
dynamics, whereas the rewards r; are determined by the reward function
and actions a; are selected by the policy. An initial state sq and reward rq
are provided by the environment. . . . . ... ... ... ... .. ...,

Redrawn figure from Sutton and Barto (2018) of a backup diagram for the
value function. . . . . . ..o L L

Redrawn figure from Sutton and Barto (2018) of a backup diagram for the
state-action function. . . . . . ..o oL oL

We illustrate the language-to-state mapping for the instructions “pick up
the red object”, mapping to the set S;,, and “pick up the red ball” mapping
60 S,

Graphical model of the extended MDP, visualizing the sequential depen-
dencies of s;, a;, and r, with ¢t = 0, 1,2, 3. We highlight the goal dependence
that influences the action selection by the policy and the resulting rewards.
The goal g remains constant for the whole episode. The initial state sy and
the reward ry are provided by the environment, whereas the goal comes
from the initial goal distribution, g ~p,. . . . . . ..o

We visualize the stages of processing a language instruction: At the bottom
(first stage), we have the instruction “Hello, how are you?”. In the second
stage, the sentence gets split into individual words. Following, words are
then mapped to vector representations that serve the neural network as
input in the third stage. . . . . . . . ... oo

We illustrate an example of the mapping of words to their indices corre-
sponding to a particular embedding. The word “how” is mapped to index
73, which retrieves its embedding representation highlighted in red.

We depict the first two principal components as the result of passing the
one-hot encodings for the 5 words “red”, “blue”, “chair”, “table”, and “cube”
through the dimensionality reduction. The figure illustrates that the usual
word similarities of colors and furniture are not captured. The placement
of the words is distorted by the PCA; as it is difficult to visualize a 5-
dimensional space in 2D. . . . . . ... Lo oL

This figure depicts the first two principal components of the dense word rep-
resentations, using the pre-trained GloVe embeddings. The 5 words “red”,
“blue”, “chair”, “table”, and “cube” are shown after the dimensionality re-
duction using PCA. A cluster of colors can be located on the right side, and
the furniture-related words are close in space. For this plot, we are using
word vectors of size 100 with a vocabulary of 400 000 words. . . . . . . ..
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3.5

3.6

3.7

3.8

3.9

3.10

3.11

This figure illustrates the first two principal components of the word rep-
resentations, using the base BERT model with 110 million parameters and
word embeddings of size 768. The 4 sentences “Push the cube”, “Push the
red cube”, “Push the blue cube”, and “Push the chair” are visualized after
the dimensionality reduction using PCA. As expected, BERT is not able to
encode the color differences appropriately, which could make it challenging
for an RL agent to differentiate these small nuances, which might be crucial
for obtaining the sparse reward. . . . . . . ... ... ... L.

[ustration of an MLP processing the flattened sentence as a large vector
of the individual word embeddings of size 2. The sentence length is L = 4,
hence the MLP input requires 8 input nodes. The words exchange informa-
tion at the level of hidden activations in the subsequent layers, but otherwise
lose any type of sequential information. . . . . . . .. ... ... ... ...

To the left, we illustrate the idea of an RNN as a single neuron with a loop
connection, transmitting the previous hidden state to the next processing
step as additional input. On the right, we show an unrolled version of that
neuron, propagating the hidden state to subsequent processing steps.

This figure demonstrates the information flow of a recurrent neural network,
that processes the instruction “Push the green cube” word by word. The
intermediate connections depict the unrolled network in time, propagating
the previous hidden state until the final state h4 is returned. . . . . . . ..

Diagram of a Gated Recurrent Unit (Cho et al., 2014), showing the update
gate uy, reset gate 74, and current memory content interaction, going from
hi_1 to h;. The activation functions are sigmoid functions visualized by o

and the hyperbolic tangent, shown as tanh (see Figure 2.3). The illustration
is based on Olah (2015). . . . . . . . ... ...

We illustrate the calculation flow of the scaled dot-product attention layer.
This example considers only the first word, with ¢ = 0. The instruction
“Push the green cube” is provided, along with word embeddings of size
2. The illustrated calculations of e;;, a;;, and y; follow those outlined in
Equations (3.15) to (3.17), respectively. . . . . . . . ... L.

[Nlustration of our language-conditioned soft actor-critic architecture, re-
ceiving as input a sequence of words g, = (wg, wy, wy, w3), the state of the
world s, and, in the case of the critic, also the action a. All of these inputs
are encoded by a language encoder /.., a state encoder Se,., and an action
encoder aen.. At the top, the actor is illustrated concatenating the hidden
representations of both modalities [hy, hs], based on which it parameterizes
a Gaussian distribution N(u, o), from which an action a is sampled. The
critic architecture additionally encodes the current action a to concatenate
the three hidden states [hy, hg, hy], based on which it regresses the state-
action value ¢q. An ensemble of Q-functions @); is employed, of which the
minimum is taken as actual output. . . . ... ..o o L
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3.12

3.13

3.14

3.15

3.16

3.17

3.18

3.19

3.20

3.21

To the left, we have a picture of the real Franka Emika Panda that we use
in our virtual LANRO benchmark, shown to the right. The real robot
image is taken from the official homepage at https://franka.de (Visited
November 20, 2024). . . . . . . ...

We illustrate the reach behavior (from left to right). The agent is tasked
with reaching the green object. . . . . . . ... ... . o 0.

The figure demonstrates the push behavior, showing the agent randomly
selecting a direction to move the green goal object (from left to right).

The grasp behavior visualized from left to right. The agent is reaching for
the orange object and graspingit. . . . . . .. . ... ... ... ... ..

Demonstration of the agent successfully lifting the green cuboid while avoid-
ing contact with other objects. . . . . . . . .. .. ... ... ... ...

Backus-Naur Form for our instruction set inspired by Chevalier-Boisvert et
al. (2019) — adopted from our prior work Roder and Eppe (2022). . . . . .

Examples from our POMDP setting in LANRO, with the egocentric view
to the left (a) and static perspective to the right (b). . . . ... ... ...

We present the results of the reach task using the language-conditioned Soft
Actor-Critic algorithm (LCSAC) from our prior publication (Roder et al.,
2022). Each graph shows the number of environment steps (x-axis) and
the average success rate (y-axis) for the options Default, Color, Shape, and
ColorShape (see Table 3.1). The shaded region depicts the 90% confidence
interval of 5 random seeds. . . . . . . . . ... .. oL o

The figure compares the different types of language encoders that we use in
our language-conditioned RL baseline LCDroQ, namely MLP, GRU and
self-attention (cf. Subsection 3.2.4). Each graph shows the number of en-
vironment steps (x-axis) and the average success rate (y-axis) for 3 trials,
with the shaded region being the 90% confidence interval. Illustrated are
column-wise, from left to right, the Default, Color, Shape, Weight, and Size
options from Table 3.1, where we have the tasks reach, push, grasp, and lift
in each row of the figure. . . . . . . . . . ... ... .. ... . ..

Comparison of our different language encoders across various multitask en-
vironments (easy, medium, and hard) with different options (Default, Color,
Shape, Weight, and Size) showing the average success rates (y-axis) over en-
vironment steps (x-axis) from 3 random seeds with the shaded area depicting
the 90% confidence interval. . . . . . . ... ... ... ... ... ...
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4.1

4.2

4.3

4.4

4.5

4.6

4.7

4.8

We illustrate the example of both the externally and internally prescribed
language goals for the undesired outcome. In step 1, the caretaker utters the
instruction “Hand me the green apple, please!”. However, in step 2 the agent
fails to follow this goal and hands over the red apple instead. Wondering
why there is no reward, the agent is left with two options to learn from this
failure. For step 3a, the caretaker recognizes this mistake and provides a
positive learning experience for the agent by retrospectively changing the
goal instruction to one that fits the behavior, in this case, treating it as if
it were the intended outcome. Without any external caretaker guidance, in
step 3b, the agent generates an appropriate goal instruction by itself that
fits the executed behavior, thus providing a positive learning experience via
self-speech. . . . . .

We depict “a green elephant with a birthday hat”, generated with DALL-E
3 (Ramesh et al., 2021). The model shows the individual parts related to
the prompt, hinting at compositional capabilities. . . . . . . ... ... ..

Example taken from the paper by Cideron et al. (2020), showing a scene
in the BabyAl environment (Chevalier-Boisvert et al., 2019). The agent is
instructed to “Pick the red ball”. However, it ends up with the wrong object,
hence receiving the feedback “purple ball”. . . . . . . . . . ... ... ...

Figure taken from the OpenAl blog post Ingredients of robotics (Andrychow-
icz et al., 2017), showing the setting of the Fetch robot pushing the puck
that ends up in the wrong location (green circle), instead of the proposed
goal location (red circle). For hindsight learning, the actual outcome serves
as a virtual goal achieved. . . . . . . . ... .. ... . ... .. ...,

We depict an unsuccessful episode of an already useful policy interacting
with the world (from left to right). The agent is instructed to push the
“blue cube”. However, it ends up pushing the “red cube” instead, due to a
lack of grounding the color property. This scene provides an optimal episode
for hindsight language learning, as the experienced episode is a successful

one given the instruction “push the red cube”, a potential hindsight instruction. 109

Upon handing the red apple to the caretaker (left box), the agent receives
the hindsight goal instruction, e.g., “Hand the red apple” as feedback (right
box). Similar to the idea of a social partner proposed in Colas et al. (2020)
and Akakzia et al. (2021). . . . . .. Lo

This figure illustrates the future sampling strategy. We depict the red goal
object and the green object that represents the virtual goal. The strategy
considers the state s5 and following future states of the episode s5. g, result-
ing in the region 7, from which we draw candidates for hindsight learning. .

The episode strategy considers all transitions ¢ that happened before the
hindsight feedback was returned, ¢+ < t. The notion is that all the states
(s<5) contributed in achieving the hindsight goal configuration, hence push-
ing the green object. . . . . . . ... Lo

112



4.9

4.10

4.11

4.12

4.13

4.14

With the final strategy, we sample transitions that, at first, only correspond
to the states where the hindsight mechanism was triggered (s5) and the
predecessor transitions leading to that state, while at most go k steps back
Intime. . . . ..o e

We depict a general example of translation, employing a seq2seq model ac-
cording to the encoder-decoder architecture. As input, the German sentence
“Wie geht es dir?” is processed by the encoder to output the context vec-
tor, which serves as an abstract representation of the input. Following this,
the decoder processes the context vector to output the English translation
“How are you?” word by word. . . . . . . .. ... ... ... ... ...,

In the case of HIPSS, the encoder RNN takes as input the past hidden state
hj_1 and the current Markov state s; embedded by an MLP, to generate a
new hidden state h;. When all vectors of the sequence are processed, the
last hidden state hp, where T' = |7,| is the length of the state trajectory,
is now our context vector z, an abstract representation of the whole input
sequence. The decoder RNN takes as input a starting symbol <pad> and
autoregressively generates the sentence “push the red cube” word by word,
by considering the previous decoder hidden state h;_; and the last word
prediction w;_;. Word predictions, made by the MLPs mapping the hidden
state to vectors according to the vocabulary size, refer to logits of categorical
probability distributions, that we normalize using the softmax function. We
sample from these distributions when generating a sentence. For the first
word “push”, we illustrate this as a vertical histogram for a small sample
vocabulary for illustrative purposes. . . . . . . . . . . ... ... ... ...

With HIPSS using a Transformer (Vaswani et al., 2017) instead of RNNs,
the encoder, consisting of encoder blocks, processes the whole trajectory of
states sg, ..., s7, to generate a sequence of hidden encoder states hy, ..., hr.
The decoder, made up of decoder blocks, takes as input the full sequence of
encoder states and initial target <pad> to generate the first logit vector that
gets mapped to a probability distribution employing the softmax function
(as illustrated by the small vertical histogram), from which the prediction
“push” is derived. Actual word predictions are made by the MLPs that
map the hidden representations to vectors according to the vocabulary size
|V|. While decoding, a cross-attention operation is employed to consider
the encoder states and the decoder predictions generated so far, indicated

by the dashed lines. . . . . . . . . . .. .. ... ...

[lustration of a residual connection with two dense layers, ReLLU activations
functions, and the skip-connection (identity).. . . . . . . . . ... ... ..

The illustration shows the multi-head attention for H heads running in
parallel. The dense layers (feed-forward connections) process the query @,
key K, and value V matrices. Those are split among the multiple heads
and afterwards combined via concatenation. The last dense layer defines

the output with weights W°. Redrawn figure based on Vaswani et al. (2017).125
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4.15

4.16

4.17

We illustrate the causal masking used within the Transformer decoder dur-
ing training. In the decoder, each word (the query) attends to other words
(the keys) based on the computed attention scores according to Equa-
tion 3.16. By setting the attention scores of future words to —oo (depicted
by the gray cells), we apply causal attention masking that prevents each
position from attending to subsequent words. This is necessary because the
attention mechanism processes the entire input sequence in parallel without
inherent sequential ordering, and we need to prevent information leakage
from future words. For instance, when processing the word “red”, the model
is allowed to attend only to previous words like “push” “the”, and “red” it-
self, but not to future words like “cube”. . . . . . . . ... ... ...

Ilustration of the Transformer architecture, with N.,. encoder blocks on
the left and Ng.. decoder blocks to the right. At the bottom, we have the
input and the output embeddings to which we apply the positional encoding.
Afterwards, the query, key, and value matrices are provided as input to the
multi-head attention (MHA) layers (cf. Figure 4.14). In case of the decoder
(right side), the aforementioned causal masking is applied (not shown) to
prevent looking into the future. Arrows skipping the masked MHA are the
residual connections from Figure 4.13, that we jointly illustrate with the
layer normalization from Section 2.1.3. Following, we have MLPs processing
the output of the MHA. The decoder employs another MHA layer that
implements the cross-attention, by receiving the query and key inputs from
the encoder’s output. Following, the decoder outputs a logit vector (dense
layer), that gets normalized by the softmax function to obtain the output
probabilities. Redrawn figure based on Vaswani et al. (2017).. . . . . . ..

To the left, we illustrate the agent interacting with the environment. In the
top left, the agent is rewarded by touching the green object as instructed
by “Touch the green object”. On the bottom left, we present a failure,
where the agent touches the wrong object, in this case a blue cuboid, for
which a penalty is granted. On the right side of the figure, we illustrate
the hindsight procedures that we trigger in each case. In the successful
case, the outcome serves as an example for training HIPSS. In the case
of a failure, at the bottom right, either HEIR or HIPSS generate an
instruction in hindsight like “Reach the blue object” for learning — Figure
taken from our work Roder et al., 2022.. . . . . . ... ...
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4.18

4.19

4.20

4.21

The figures provide the results for our 3 proposed replay strategies episode,
future, and final, that we tested across the different reach tasks of varying
difficulty (Default, Color, Shape, and ColorShape). All the experiments were
conducted with 2 objects on the table (denoted by Reach?2), using the former
LCSACHHEIR combination (Roéder et al., 2022). The figures show the
environment steps (x-axis) and the success rate (y-axis). Experiments were
run using 3 random seeds to plot the mean success rate and their 90%
confidence interval (shaded area). While the future strategy yields the best
results in almost all experiments, it significantly suffers from the effect of
hindsight bias in Figure 4.18d, where the performance drops after 5 million
environment steps. The experiments made use of the dense embeddings and
the GRU as language encoder. . . . . . . . . . . ... ... . ........

Experimental results from our work on grounded hindsight language learn-
ing (Roder et al., 2022). We show the performance of the baseline LCSAC
and the extensions HEIR and HIPSS in the reach task with 2 objects on
the table with 4 levels of difficulty (Default, Color, Shape, and ColorShape).
The performance gain of HIPSS increases with the task complexity; hence
a higher number of words and object appearances that could potentially be
mixed up by the learning policy. We depict the environment steps on the
x-axis, with the average success rate and the 90% confidence interval on the
y-axis, employing 5 random seeds. . . . . . .. .. ..o

Replay strategy results for the latest version of HEIR paired with LCDroQ),
showing the mean success rate (y-axis) and the environment steps (x-axis).
We are comparing the episode, final, and future strategies within the
reach task with the ColorShape option (see Figure 4.20a), the push task
with the SizeShape option (see Figure 4.20¢), and the multitask easy setting
with and without the Color option (see Figures 4.20b and 4.20d). Shown
are the results for 5 random seeds with 3 objects on the table, utilizing the
self-attention as language encoder. The shaded regions are calculated by
the 90% confidence interval. . . . . . . ... ... ... ... ... ...

We highlight a selection of tasks, showing LCDroQ-+HEIR outperforming
the baseline LCDroQ in many cases. [llustrated are the experiments using
self-attention as the language encoder for 5 random seeds. Depicted are
the environment steps (x-axis) in relation to the average success rate, with
the shaded region representing the 90% confidence interval (y-axis). We
provide the full set of experiments as a comparison in Subsection B.2.1.
Here, LCDroQ+HEIR denotes the combination of our baseline LCDroQ
(cf. Subsection 5.5.2) and the expert feedback replay method HEIR (cf.
Section 4.4). As expected, the perfect hindsight instructions by the expert
show significant performance improvements (e.g., Figures 4.21d and 4.211).
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4.22 This figure depicts the results for our algorithms LCDroQ, LCDroQ-+HEIR,

4.23

4.24

5.1

5.2

LCDroQ+HIPSS, and LCDroQ-+THIPSS. We compare them with re-
spect to the amount of environment timesteps (x-axis) it takes to reach a
certain success rate, for which we visualize the mean and the 90% confidence
interval as shaded area on the y-axis. All experiments employ the GRU as
language encoder and contain 5 random seeds. Further results are provided
in Subsection B.2.2.. . . . . ...

We depict an experiment comparing HIPSS and THIPSS with respect to
their systematic generalization (Hupkes et al., 2020). While the training in
both cases achieves similar accuracy values for the most part (left figure),
THIPSS exceeds the performance of HIPSS by up to 0.1 accuracy points
after the sudden jump at 330 epochs in the test plot to the right. The table
at the bottom depicts, as green cells, the word combinations seen during
training and, as red cells, the word combinations that were excluded. The
models are trained with all instructions containing the verbs reach, touch,
and contact, paired with the colors red and green. In addition, the verbs
push, move, and shift are paired with the color blue. For testing, the opposite
word combinations, shown as red cells, are used. Hence the models have
never seen instruction word combinations containing the reach-related verbs
paired with the color blue or the push-related verbs paired with the colors
red and greem. . . . .. Lo L

We examine a case with a more evenly distributed setting of out-of-distribution

samples. The training accuracy in the left figure shows very similar results
for both HIPSS and THIPSS, while the latter appears to have a more sta-
ble learning curve. On the right, we depict the test accuracy, with HIPSS
exceeding the performance of THIPSS after 100 epochs of training. In the
table at the bottom, in-distribution samples used for training are illustrated
by the green cells, while the samples that we exclude are depicted by the
red cells. More precisely, training the models includes the instructions con-
taining the word combinations reach and red, touch and green, contact and
blue, push and green, move and red, and shift and blue. For evaluation, we
consider all the other combinations, denoted by the red cells in the table. .

An action correction scenario, where a human issues the ambiguous com-
mand “Hand me the apple, please!” to the agent. However, the operator
intends for the robot to pick up the green apple. The robot chooses to
reach for the red apple, either by chance or because it is the closer object.
When the operator realizes that the actions deviate from the intended out-
come, the action correction “No, the green one!” is uttered. Then, the
robot reevaluates the original instruction given the correction, resolving the
underspecification, to successfully hand over the correct apple. . . . . . ..

A scene from LANRO, with a green cube, a green cuboid, and a red cube.
Figure taken from Roder and Eppe, 2022. . . . . ... ... .. ... ...
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2.3

5.4

2.5

0.6

5.7

5.8

2.9
5.10

The figure describes the general case of an action correction scenario that
fits any of the proposed cases of misunderstanding from Section 5.2. The
instructor utters a lingual goal g, that the agent attempts to follow, in-
teracting with the environment depicted by the RL loop (see Figure 2.6).
Implemented by the condition function C, the instructor observes the world
state s; for configurations that constitute a misunderstanding. In case of
detecting a misunderstanding, an action correction g,. is returned. Figure
inspired by our previous work Roder and Eppe (2022). . . .. ... .. ..

To the left in Figure 5.4a, we illustrate the process of correcting a misun-
derstanding that is closely related to the corrected instruction; while to the
right (Figure 5.4b), we depict the case where correcting the misunderstand-
ing changes the whole meaning. Visualized are the rewarding states that,
on the left, overlap and, on the right, are completely disjoint. An example
of the first case would be the instruction g, = “pick up the red object” cor-
responding to the set Sy,, that gets corrected by ga.. = “actually, the cube”,
where g, = gs 0 gac now maps to a smaller set of rewarding states Sg,- The
same idea could be applied to Figure 5.4b, where the instruction g,= “pick

o«

up the red object” gets corrected by g.. = “sorry, the blue object”, resulting

in a rewarding state mapping Sy, disjoint from the original set of states Sg,.

This figure illustrates the possible action correction scenarios implemented
by LANRO. We depict a setting with a red and green cube, and a green
cuboid. To the left, we have an initial valid instruction that follows misun-
derstandings caused by a lack of common ground or an instructor mistake.
To the right, the ambiguity is caused by an underspecified statement. . . .

We illustrate the lack of common ground where the agent misunderstands
the instruction. Instead of reaching the “green cube”, it reaches the “green
cuboid” instead. As we do not know the cause of the misunderstanding, we
provide the action correction “No, the green cube” to contrast the agent’s
current state (step 2) and object visited with the actual instruction. . . . .

The extension of our Backus-Naur form grammar from Figure 3.17 for our
action corrections, including the negations. The provided definitions are
applicable for all language tasks (see Subsection 3.4.1). . . .. ... .. ..

The Backus-Naur form of our task corrections used in the multitask settings
of LANRO. . . . . . . . e

Example instructions with action corrections used in LANRO. . . .. ..

To the left, we depict the structure of an individual dropout target Q-
function @y, according to Hiraoka et al. (2022). The network consists of
dense layers, dropout layers, layer normalization and ReLU functions, and
outputs a Q-value ¢;. On the right, we depict the ensemble of size N with
the min operation to select the actual Q-value target prediction ¢ used for
training (see Section 2.2.7). This figure is based on Hiraoka et al. (2022). .
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5.11

5.12

5.13

5.14

5.15

5.16

The figure illustrates the various ways HIPSS can complete the instruction
“<sos> push the green cube”, considering multiple approaches to hindsight
action correction. The initial instruction could be directly terminated with
the <eos> symbol, followed by a negation starting with “not”, or simply
edited with phrases like “sorry” or “actually”, each potentially followed by
a different object description or task behavior. . . . . . .. ... ... ...

The hindsight action correction instruction is generated by completing the
provided initial instruction, “push the red cube” (red box), with the action
correction prediction, “no, the blue cube” (blue box). . . . ... ... ...

This figure compares the performance of our previous LCSAC approach
with LCDroQ. We depict the environment steps taken (x-axis) and success
rate (y-axis) of 5 trials, for which we plot the mean with the 90% confidence
interval. We show results for self-attention as the language encoder, while
further results are provided in Section B.3.1. The upper plots show the
success rates for the normal action corrections, while the plots below depict
the more challenging setting with negations. The results indicate that nega-
tions are generally more difficult to learn. However, LCDroQ outperforms
the baseline LCSAC in all the presented cases. . . . . ... ... .....

We provide a comparative analysis of LCSAC and LCDroQ in the multi-
task environment. Shown are the environment steps (x-axis) and the mean
success rate for 5 trials including the 90% confidence interval (y-axis). To
the left, we illustrate the default action correction, while to the right, we
show the correction setup incorporating negations. The presented results
only employ self-attention as the language encoder. . . . . . . . ... ...

We illustrate the critic ensemble uncertainty as an average of 80 action
correction episodes across b tasks. The episode timesteps are shown on
the x-axis, and the mean return estimate with the standard deviation as
a shaded region is shown on the y-axis. One can see that around ¢ = 10
timesteps, the uncertainty drops drastically when the action correction is
returned by the caretaker upon interacting with the wrong object. . . . . .

We illustrate the position of the agent’s gripper conditioned on the initial
instruction (blue dots @) and after the action correction appears (orange
dots e@). The red, green, and blue objects are depicted by the X with
their corresponding colors. The agent starts at the circled position and
approaches the green object, which it manipulates, hence the cloud of green
X markers. After receiving the action correction, it changes its trajectory
to approach and manipulate the blue object, denoted by the cloud of blue
X markers at the end of the episode. . . . . . . ... ... ... ......
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5.17 An exemplary illustration of the reach task, focusing on the frequency of
generating hindsight instructions, with respect to the overall success rate
(Figure 5.17a) and the action correction success rate (AC success rate on
the y-axis) only (Figure 5.17b). In Figure 5.17c, we depict the hindsight
instruction rate (HI rate) caused by wrong object interactions. These inter-
actions are, as expected, high in the beginning and decrease as the agent
progresses. The x-axis shows the environment steps, while the y-axis depicts
the respective metrics with their 90% confidence interval. . . . . . . . . .. 173

5.18 We depict our baseline LCDroQ, next to LCDroQ+HEIR as the baseline
extended by the expert feedback, and LCDroQ-+HIPSS and LCDroQ+THIPSS,
where HIPSS and THIPSS incorporate the egocentric speech approaches
from Section 4.7. Action correction challenges for the reach, push, grasp,
and [ift tasks without any form of color or shape extension are shown. The
default action correction tasks are shown in the first row, while those with
negations are depicted in the second row. We show the average success rate
and the 90% confidence interval for 5 random seeds (y-axis) with respect to
the number of environment steps taken (x-axis). We employ the GRU as a
language encoder, while we provide further results in Figure B.16. . . . . . 175

5.19 We illustrate experimental results for our approaches LCDroQ, LCDroQ-+HEIR,
LCDroQ+HIPSS, and LCDroQ+THIPSS in the reach and push action
correction tasks involving the color and shape extensions. Depicted are the
average success rates, with the shaded regions indicating the 90% confi-
dence interval (y-axis), and the environment steps taken (x-axis). All trials
employ the GRU language encoder and contain 5 random seeds. . . . . . . 176

5.20 We depict the experimental results for our easy multitask settings involving
misunderstandings without and with negations. The graphs show the av-
erage success rate and the 90% confidence interval on the y-axis with the
taken environment steps on the x-axis. Each average is the results of 5 ran-
dom seeds all using the GRU as language encoder, with more results shown
in Section B.3. . . . ..o 177

6.1 This figure contrasts hindsight instructions and action corrections, both
of which address undesirable outcomes stemming from various underlying
reasons (center, see Section 5.2). In the former case, undesirable outcomes
guide retrospective learning, whereas in the latter case, an action correction
aims to revise the behavior that led to the unwanted outcome resulting from
a misunderstanding. . . . . ... oL L oL 180

B.1 Tllustrated are column-wise from left to right, the Default, Color, Shape,
Weight, and Size options from Table 3.1. We showcase the tasks reach,
push, grasp, and [lift in each row of the figure. Provided are the variations
with only 2 objects in the scene. . . . . . . .. ... ... ... ....... 193



B.2 Tllustrated are, from left to right, the ColorShape, WeightShape, and Size-
Shape options from Table 3.1 for the tasks reach, push, grasp, and lift in
each row of the figure. Scenes with 2 objects are shown. The extended
range of property combinations makes these tasks harder to solve. . . . . .

B.3 We illustrate from left to right within each column the Default, Color, Shape,
Weight, and Size options from Table 3.1, while we have the tasks reach, push,
grasp, and lift in each row of the figure. Provided are the variations with 3
objects in the scene, which are more challenging as there is no 50-50 chance
in identifying the correct object, as in the case with 2 objects. . . . . . ..

B.4 Tlustrated are, column-wise, the ColorShape, WeightShape, and SizeShape
options from Table 3.1 for the tasks reach, push, grasp, and lift in each
row of the figure. Shown are the settings with 3 objects in the scene. The

extended range of property combinations makes these tasks harder to solve.

B.5 We depict column-wise the Default, Color, Shape, Weight, and Size options
from Table 3.1 for the easy, medium, and hard multitask settings in each
row of the figure. For all tasks, we include 3 objects. The extended range
of property combinations, in combination with the multiple tasks involved,
makes these settings the hardest to solve (see Section 3.4.1). . . . . .. ..

B.6 Complementary experiments for LCDroQ and HEIR, utilizing the GRU
as language encoder. . . . . ... .. e

B.7 Complementary multitask experiments for LCDroQ and HEIR, utilizing
the GRU as language encoder. . . . . . . .. ... ... ... .......

B.8 Complementary experiments for LCDroQ and HEIR utilizing the self-
attention as language encoder. . . . . . .. ... L.

B.9 Complementary multitask experiments for LCDroQ and HEIR utilizing
the self-attention as language encoder. . . . . ... ... ... ......

B.10 Complementary experiments for LCDroQ, HEIR, HIPSS, and THIPSS
utilizing the GRU as language encoder. . . . . .. ... ... .......

B.11 Complementary multitask experiments for LCDroQ, HEIR, HIPSS, and
THIPSS utilizing the GRU as language encoder. . . . . . . .. ... ...

B.12 Complementary experiments for LCDroQ, HEIR, HIPSS, and THIPSS
utilizing the self-attention as language encoder. . . . . . . ... ... ..

B.13 Complementary multitask experiments for LCDroQ, HEIR, HIPSS, and
THIPSS utilizing the self-attention as language encoder. . . . . . . ..

B.14 We provide the additional results for the GRU as language encoder, com-
paring LCSAC and LCDroQ. . . . . . ... ... ... ... .......

B.15 We provide additional results for the action correction multitask setting with
and without negations using the GRU as language encoder. We compare
the performance of LCSAC and LCDroQ. . . .. ... ... .......

B.16 We depict additional action correction results for the default tasks, em-

ploying the self-attention as language encoder in our LCDroQ, HEIR,
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B.17 We depict additional action correction results for the challenging tasks with
the color and shape options, employing the self-attention language encoder
in our LCDroQ, HEIR, HIPSS and THIPSS approaches. . . . . . . ..

B.18 The multitask setting with action corrections, employing the self-attention
as language encoder in our LCDroQ, HEIR, HIPSS and THIPSS ap-
proaches. . . . . . .. e e

B.19 We depict additional action correction results for the default tasks, employ-
ing the GRU as language encoder. . . . . . .. .. ... ... ... ...,

B.20 We depict additional action correction results for the challenging tasks with
the color and shape options, employing the GRU language encoder. . . . .

B.21 The multitask setting with action corrections, employing the GRU as lan-
guage encoder. . . ... Lo e e e e e
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