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Abstract

Process mining is moving beyond mining traditional event logs and
nowadays includes, for example, data sourced from sensors in the
Internet of Things (IoT). The volume and velocity of data gener-
ated by such sensors make it increasingly challenging to efficiently
process the data by traditional process discovery algorithms, which
operate on a centralized event log. This paper presents EdgeMiner,
an algorithm for distributed process mining operating directly on
sensor nodes on a stream of real-time event data. In contrast to
centralized algorithms, EdgeMiner tracks each event and its prede-
cessor and successor events directly on the sensor node where the
event is sensed and recorded. As EdgeMiner aggregates direct suc-
cessions on the individual nodes, the raw data does not need to be
stored centrally, thus improving scalability and privacy. We analyt-
ically and experimentally show the correctness of EdgeMiner. Our
evaluation results show that EdgeMiner determines predecessors
for each event efficiently, reducing the communication overhead by
up to 96% compared to querying all nodes. Further, we show that
the number of queried nodes stabilizes after relatively few events,
and batching predecessor queries in groups reduces the average
queried nodes per event to less than 2.5%.
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Figure 1: While traditional process mining (left) collects all
events at a central entity, EdgeMiner (right) processes them
directly at the source, and only exchanges aggregates (partial
footprint matrixes), increasing scalability and privacy.

1 Introduction

Mining the never-ending data stream of events sensed by the In-
ternet of Things (IoT) provides deep insights into, for example,
processes in smart manufacturing, smart homes, and healthcare
and is known as process mining [2, 10, 14, 17]. However, already
today, IoT devices generate significantly more data than we can
store or transfer to the cloud [12, 28, 37]. This high data velocity is
a key challenge for process mining algorithms, which traditionally
operate on static event logs, i.e., assume that data is readily available
for mining at a central location with vast storage and computing
capabilities [29]. Parsing such event logs, established algorithms
commonly construct so-called footprint matrices (FMs), in which
they store the order of events, so-called directly follows relations
[15, 31, 36]. Next to the scalability challenge, collecting events at a
central location causes privacy concerns [11, 19, 24].

In this paper, we introduce EdgeMiner, an algorithm for dis-
tributed process mining: it composes FMs, the key building block of
process mining, in a distributed manner within a network of sensor
nodes. For each event that a node in EdgeMiner detects, it locally
stores the event as well as the predecessor and successor of this
event and updates a local FM accordingly, see Fig. 1. Thus, over
time, each node constructs a partial FM that represents the view
of this node on the direct successions of this process. To derive
the complete FM of the process, one of possibly multiple (central)
entities queries the nodes for their partial FMs and combines these
into a complete matrix. As a result, EdgeMiner enables (a) scalable
mining, as a node only interacts with its predecessors after each
event and, when queried, only exchanges aggregates, i.e., partial
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FMs, with the requesting entity and (b) privacy-preserving process
mining, as nodes locally merely store their own as well as prede-
cessor and successor events, and a requesting entity only receives
aggregate FMs instead of raw event streams. Further, EdgeMiner
guarantees an FM identical to the FM when using a centralized
approach, as we prove in this paper.

Analyzing real-world datasets, our evaluation shows that activi-
ties statistically only have a few predecessor activities, which rarely
change throughout the lifetime of a process. For example, even
in the large Hospital Log [32], comprising more than 600 distinct
activities, the average number of predecessors per activity remains
modest, resulting in an average number of less than 7. As a result,
for each event, a node can very efficiently determine the predeces-
sor, reducing the communication overhead by up to 96% compared
to the naive baseline of querying all nodes in the network. Further,
by batching predecessor queries into groups of, for example, 40
events, we show that EdgeMiner can reduce the average number
of queried nodes per event to less than 2.5% of all nodes. As a final
result, we show that for most datasets, an intermediate FM already
complies with the final FM by more than 90% after less than 5% of
the events of the dataset.

In summary, the contributions of this paper are as follows.

e We introduce EdgeMiner, a distributed process mining al-
gorithm enabling distributed process discovery and confor-
mance checking by operating directly where the events orig-
inate.

e We ensure that the nodes only share aggregated event data
with a requesting entity.

e We analytically and experimentally show the correctness of
the merge of EdgeMiner.

e We demonstrate that EdgeMiner’s interim results quickly
converge to the footprint matrix of the whole event log.

o We show that EdgeMiner reduces the message count for the
predecessor determination by up to 96% compared to the
naive approach and, for example, by 97.5% when batching
queries with a batch size of 40.

o We release EdgeMiner’s implementation as open-source!.

The remainder of the paper is structured as follows: Section 2 in-
troduces the necessary background. Next, Section 3 presents related
work on distributed process mining. Afterwards, we introduce the
design of EdgeMiner in Section 4. Section 5 holds our evaluation of
EdgeMiner. We conclude the paper in Section 6.

2 Preliminaries and Background

In this section, we give a brief introduction to process mining and
provide definitions of events, traces, event logs, direct successions,
and footprint matrices. In process mining, we discover a process
model from an event log (process discovery) or check that a process
follows a given model (conformance checking) [25, 27, 29, 30]. A
common way to represent a process model is a Petri net [22, 23].
Events and Event Logs: Process mining algorithms operate
on event logs. Each event in the log typically contains at least three
attributes: an activity, a timestamp, and a case ID. The case ID is
used to distinguish different process instances. A trace is a sequence
of events ordered by timestamp corresponding to a particular case.

! Available at: https://github.com/ds-kiel/EdgeMiner
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Direct Successions: In the following, let L be an event log over
the activity set T. We define direct successions and therewith defin-
able relationships between two activities, following the definition
by Gatta et al. [11].

Definition 2.1 (Direct Succession). Activity b directly succeeds a
in event log L, i.e. a > b, if and only if there exists a trace o =
(to,...,tn-1) € Land j € {0,...,n—2} such thatt; =a A tj;1 = b.

Definition 2.2 (Causality, No Direct Succession). With the help of
Definition 2.1 we now define causality (1) and no direct succession
(2) between two activities.

S a>LbAb¥ra
S atrb ANb¥ra

1
@

Footprint Matrix: A footprint matrix (FM) stores information
regarding the direct succession relationships between activities
within the event log. For event log L, the corresponding footprint
matrix FM has dimension |T;| X |Tr|, where each activity in L
is mapped to a specific row and column in the matrix, ie., we
can enumerate the activities such that each activity number i is
an element of {0,...,|Tr| — 1}. An entry denotes how often the
activity corresponding to the row was followed by the activity of
the column. This way, FM;; € Ng denotes the entry of the footprint
matrix that describes the relationship between activities i and j.

a—>Lb
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FMij >0
FM;; =0
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For our design, we define partial footprint matrices containing only
one specific column: For i, j € {0,...,|T| — 1}, we define FM* as
the footprint matrix that only contains column i and FMJi. as the
entry of column i in row j.

Alpha Miner: To illustrate process mining and its use of FMs,
we recapitulate the main steps of the seminal process discovery
algorithm Alpha Miner (Algorithm 1). Later, we discuss how newer
discovery algorithms extend the alpha miner’s concept and its FMs.

First, the algorithm denotes all activities occurring in the event
log L as T . Each activity of this set corresponds to a transition
in the final output model computed by the algorithm. Then, the
algorithm determines two sets, Ty and Tp, which contain the start
activities of the traces in L and their end activities, respectively.
Subsequently, the algorithm determines all direct successions in L,
which it stores in an FM. This FM is the basis for further calculations
in the algorithm and the resulting Petri net. Next, the algorithm
generates a set X7, which comprises pairs of activity sets. Each
element of the first set is directly followed by every element of the
second set, although not vice versa. Moreover, activities within each
set do not directly succeed one another. The Alpha Miner minimizes
the set of pairs, followed by the derivation of Petri net places from
the minimized pairs in the next step. Finally, the algorithm adds
arcs between these places and transitions, forming the resulting
Petri net.

To form the set Xj, we need to know the —| and #} relationships
between activities. These relations solely depend on the direct
successions between the activities. An FM stores exactly those
direct successions. For the Alpha Miner, the specific number of
direct successions is unimportant, just whether a succession exists.
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Algorithm 1 Alpha Miner

1: Ty ={teT|Focel:teo}

2 Ty = {first(o) e T|Vo € L}

3: To = {last(o) € T|Vo € L}

« XL ={(ABJACTLABCT,
AVYa€e AVb € B:a —L b
AVay,ay € A:ar#ras AVby, by € B:bi#1by}

5: Yp ={(A,B) € Xy |[V(A",B')e Xy :ACA"ABCH
= (A,B) = (A",B)}

6 PL={pB)l(AB) € YL} U{iL, oL}

7. F ={(a,p(aB))I(AB) € YL Aa € A}
U {(pa,B),b)I(A,B) € YL A b € B}
UA{(iL. )t € i} U {(t,0)lt € To}

8 a(L) = (P, Tr, FL)

Heuristics Miner and Inductive Miner: Newer process dis-
covery algorithms extend the concept of the Alpha Miner while
keeping the FM as a key building block. For example, the Heuris-
tics Miner starts with constructing a dependency graph [36]. To
build the dependency graph, it calculates a so-called dependency
measure between each two activities, depending on the number
of direct successions between the activities. As an FM stores all
direct successions, the miner uses the FM for this calculation. The
Inductive Miner also relies on direct successions stored in an FM.
The core concept is to construct a directly-follows graph, which
visually represents the FM along with start and end activity sets.
From this graph, a process tree is formed by repeatedly partitioning
the nodes of the directly-follows graph, capturing the structure of
the process step by step.

3 Related Work

Today’s approaches to distributed process discovery focus primar-
ily on multiple compute nodes to speed up the processing of ever-
growing, centralized event logs: Van der Aalst [28] presents one of
the first methods for distributed process discovery. He introduces a
technique for computing partial and overlapping process models
as Petri nets from partial event logs and defines a way to merge
them to a Petri net of the complete event log. In contrast to EdgeM-
iner, he creates models rather than FMs in a distributed manner.
Others [9] leverage Map-Reduce [7] to parallelize the Alpha Miner,
distributing the computational workload across multiple compute
nodes to handle the ever-growing size of event logs. However, their
approach still relies on an event log that is initially stored at a
central location. Later works [8] bring Map-Reduce to the Flexible
Heuristics Miner [35]. Gatta et al. [11] extend the primary moti-
vation of the previous work (i.e., performance and scalability) to
include privacy concerns in the healthcare domain but still focus
on one event log per hospital. In contrast, EdgeMiner emphasizes
scalability, i.e., processing data directly at the source, and privacy
preservation by only sending aggregate information, i.e., partial
FMs, to the requesting node.
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In the context of conformance checking, the Single-Entry Single-
Exit (SESE) breaks down large process models and event logs into
smaller sub-processes to analyze them independently [21]. Sim-
ilarly, passage-based decomposition [26] and Projected Confor-
mance Checking (PCC) [16] split logs into sets of activities that
share direct successor-predecessor relationships: By solving each
set independently and merging the results, it distributes, for exam-
ple, conformance checking across multiple nodes. Although these
approaches efficiently handle large and complex event logs, they re-
main centralized. One recent work presents conformance checking
in a distributed manner also based on footprint matrices, yet — in
contrast to EdgeMiner- their work does not cover the underlying
mechanism to distribute the calculation of the matrices [1].

Streaming process mining [3] takes a different approach to dis-
tributed process mining. It focuses mainly on the real-time anal-
ysis of streams of events (i.e., event streams). Generally, those al-
gorithms maintain a computational state according to previous
events [4, 5, 13, 34] and employ approximations such as lossy count-
ing [5]. While those methods are also motivated by scalability and
performance, they are not designed to compute FMs at the sensor
nodes.

In contrast, EdgeMiner distributes the FM computation as each
sensor node computes a partial FM, enabling data aggregation at
an earlier stage. As a result of processing events directly at their
sources, EdgeMiner increases scalability, reduces privacy risks, and
enables both process discovery and online conformance checking.

4 Design

In this section, we begin by discussing our assumptions and set-
ting. Next, we give a design overview of EdgeMiner, detail its de-
sign, introduce optimizations, prove correctness, and discuss how
EdgeMiner enables the distribution of well-known process mining
algorithms.

4.1 Assumptions and Setting

4.1.1  Assumptions on Events and Event Logs. In adherence to com-
mon practice, we assume events with the attributes case ID, activity
name, and timestamp, whereas the case ID is unique for each case.
We assume timestamps within the same case to be distinct, ensuring
unique FMs. In our evaluation in Section 5, we show that our as-
sumptions are both realistic and applicable in numerous real-world
scenarios.

4.1.2  EdgeMiner Setting. EdgeMiner targets typical IoT application
settings: A network of IoT nodes that are, for example, integrated
into machines in a smart factory or smart health setting. These
sensors can communicate with each other, either directly or via the
Internet. Further, we assume that membership management allows
nodes to gain knowledge of other nodes and how to reach them,
as is common in IoT applications. Finally, we assume that their
clocks are well synchronized, using, for example, established clock-
synchronization algorithms such as NTP [20]. This is essential, as
accurate timestamps ensure proper event ordering. Without loss of
generality, we assume each node detects exactly one type of activity
to ease simplicity and comprehensibility. Note that by introducing
virtual nodes, we can easily extend the problem scenario to allow
each node to be responsible for multiple activity types.
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4.2 EdgeMiner Algorithm

EdgeMiner consists of two phases: Phase 1 operates continuously
upon each event detected, while Phase 2 executes upon a footprint
matrix request. In Phase 1, nodes communicate to determine prede-
cessors when recording an event and record their directly-follows
relations in their local FMs. As a result, every node continuously
updates its local, partial FM. Other than Phase 1, Phase 2 runs on
demand whenever a central entity requests the FM. Then, all nodes
send their partial FMs to the requesting entity, which constructs
the FM.

4.2.1 Phase 1 - Event Ordering & Partial Footprint Matrices. For
simplicity, we first introduce a naive version of EdgeMiner, which
is not communication efficient. Later, we introduce optimizations
that ensure efficiency. When an event e on node i is triggered, node
i executes the following steps (see Fig. 2). First, node i stores event
e locally, including its case ID, the activity name, and timestamp.
Then, it sends all other nodes a message containing e to determine
the predecessor event.

When receiving the request from i, a node checks its storage
for events in the same case that have no successor yet and whose
timestamps are smaller than the timestamp of e. If such an event
exists, the node responds with the potential predecessor event data.
If there are multiple responses, node i picks the event with the latest
timestamp that is still smaller than the own one, as predecessor.
We denote the node with the predecessor event as node j. Node i
stores the newly determined predecessor locally, updates its local
footprint matrix FM! by increasing the count in the respective cell,
and informs j. Subsequently, node j saves e as the successor event
of its own event. Events that do not have successors for a long
duration are flagged as end activities.

Suppose a node has to choose its predecessor from several poten-
tial predecessor events. In that case, this indicates that events are
happening in quick succession and (a) communication is delayed or
(b) multiple nodes are identifying predecessors in parallel. This may
lead to temporarily incorrectly set predecessors. EdgeMiner auto-
matically rectifies such inconsistencies during the algorithm’s run
as soon as the node that belongs to the incorrectly set predecessor
event receives a request from the node of its correct successor: The
node sets the correct successor and informs the incorrect successor.
Then, the incorrect one starts the predecessor search again. A node
then corrects the counters in its local FM. The rectification process
converges since each trace has a single start event and because the
nodes compare the timestamps of set successor events with the
timestamps of incoming predecessor-search-requests.

Formally, each node k € {0,...,n — 1} only keeps track of its
predecessor activities in its FM. Therefore, each local FM has di-
mension n X 1, with n the number of activities. The value at index
£ € {0,...,n— 1} describes how often k directly follows £ in all of
the cases, formally ¢ >, k. It is necessary to increment FM? by 1
each time k detects £ > k and subtract 1 if a direct succession gets
fixed. If a node does not find a predecessor, it determines that it
recorded the start of a trace and logs the event as a start event. In
EdgeMiner, a node searches for its predecessor rather than its suc-
cessor since it can be sure that the preceding event already occurred
and, thus, the node can search for it immediately.
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4.2.2  Phase 2 — Requesting a Footprint Matrix. This phase begins
when an outside entity requests the FM. During this phase, the
outside entity requests the local FMs of all nodes and start and end
events within any case; see Fig. 3. Subsequently, each node responds
with its local FM. The requesting entity receives all responses, and it
assembles the footprint matrix FM@! e N{*™ by concatenating the
columns FM!, i € {0, ...,n—1} of all n nodes, ordered by activity ID.
Next, this FM serves as a process model for conformance checking,
which compares the next events, traces, or sets of traces. Further,
process discovery algorithms such as the Alpha Miner [31], the
Heuristics Miner [36], or the Inductive Miner [15] can use this
assembled FM for process discovery. Please note that the outside
entity only receives aggregate information, i.e., the partial FMs.
Raw event data is only processed on the sensor nodes, ensuring
scalability and privacy.

4.3 Optimizations

Next, we introduce three optimizations: Most-Frequent-Predecessors
(MFPs), batching, and a sliding window to enhance efficiency.

4.3.1 Most-Frequent-Predecessors (MFPs). In Phase 1 of EdgeM-
iner, a node — upon detecting an event — sends requests to all other
nodes to determine the event’s predecessor. This results in n — 1 re-
quests where n denotes the number of distinct nodes, i.e., activities
in the event log. To reduce communication overhead, EdgeMiner
contacts nodes in order of their likelihood of being the predecessor,
i.e., it begins with the node that in the past was the most frequent
predecessor according to its local FM. We show in a dataset analy-
sis in Section 5 that activities of real-world processes statistically
only have a few predecessor activities, which further only rarely
change throughout the lifetime of a process. For example, even for
datasets with a substantial number of activities, such as the Hospital
Log [32] comprising more than 600 distinct activities, the average
count of predecessors per activity remains modest, averaging fewer
than 7 predecessors. As a result, for each event, a node can very
efficiently determine the predecessor, reducing the communication
overhead by up to 96% compared to querying all nodes in the net-
work and thereby increasing scalability. Additionally, our findings
demonstrate that even datasets with numerous activities, such as
the Hospital Log, stabilize in the number of requested nodes after
only a relatively small number of events.

4.3.2 Batching. To further minimize communication overhead in
EdgeMiner, we batch querying of predecessor events. Rather than
sending individual requests for each event, nodes accumulate sev-
eral events before dispatching them in a single message. The nodes
continue to use MFP Requesting. As soon as the node finds the
predecessor of an event, it removes the event from the batch. The
node ceases to query additional nodes once the batch is empty. For
example, by batching predecessor queries in batches of 40 events,
we show that EdgeMiner can reduce the average number of queried
nodes per event to less than 2.5% of all nodes.

4.3.3 Sliding Window. To reduce resource demands, EdgeMiner
utilizes a sliding window: Once the local event log reaches a given
memory size or information age, the node discards it.
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Figure 2: Phase 1 — Event Ordering and Partial Footprint Matrix Construction in EdgeMiner: Without a central entity, nodes
determine the order of events collaboratively using message passing. In this example, event eq is a start event. Therefore, after
the node detects the event, it queries the other nodes for the predecessor event. In our example, it does not get any positive
responses and, thus, denotes it detected a start event. Upon sensing event ey, the detecting node queries for the predecessor
event and receives a response, listing event e as the predecessor. It stores this information in its local FM.
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Figure 3: Phase 2 — Requesting a Footprint Matrix: A central
entity requests partial FMs and start/end activity flags from
all nodes. Upon receiving the data, it concatenates the ma-
trices, forms start and end activity sets, and computes the
footprint matrix to derive the final process model, e.g., using
the Alpha Miner [31].

4.4 Correctness

After introducing the algorithmic design of EdgeMiner, we show its
correctness. We claim that merging the partial FMs in EdgeMiner
outputs the same FM as when calculating the FM based on a full
event log. Here, we discuss the intuition of the proof. Appendix A
holds a formal version.

By definition of the FM, there is one column and row per activity.
An entry of the FM describes how often the activity of the row
was followed by the activity of the column. A column of an FM,
therefore, contains all predecessor relations of a specific activity. In
EdgeMiner, the calculation of these columns is distributed to the
nodes, and they are updated whenever the predecessor of an activity
is found. Every predecessor relation of a node, and therefore activity,
is found by the design of EdgeMiner, and no direct successions are
added to the FMs of multiple nodes but precisely one. Thus, locally
created columns in concatenated form ordered by activity ID must
correspond precisely to the FM obtained when the entire log is
considered and all direct successions are entered into one large
matrix.

In our experimental evaluation in Section 5, we show (a) that both
EdgeMiner and established central algorithms result in identical
FMs and thereby process models and (b) that in four out of five
datasets an intermediate FM already complies with the FM of the
whole event log by more than 90% after less than 5% of the events
of the datasets.

709

4.5 Distributed Mining with EdgeMiner

By distributing the computation of FMs, we can efficiently imple-
ment key process mining algorithms, such as, for example, the
Alpha Miner, Heuristics Miner, and Inductive Miner, while also
supporting online conformance checking in a scalable and privacy-
preserving manner [1]. Below, we outline how EdgeMiner dis-
tributes each of these algorithms.

4.5.1 Distributed Alpha Miner. The Alpha Miner relies on identify-
ing direct successions in event logs (cf. Section 2). Hence, it builds
on causal relations between activities. We leverage EdgeMiner to
distribute the computation of the FM from which the Alpha Miner
constructs the process model. The Alpha Miner expects an FM
consisting only of ones and zeros, i.e., if there is a directly-follows
relation or not. As EdgeMiner counts the number of successions,
we set FM entries greater than zero to one.

4.5.2  Distributed Heuristics Miner. In contrast to the Alpha Miner,
the Heuristics Miner not only considers whether a direct succession
is present but also considers the frequency and dependency mea-
sure of activity relationships. With a request, EdgeMiner merges all
partial FMs to a global FM at the requesting entity, which includes
the frequencies of the direct successions. From these, it calculates
the dependency measures of the activity relationships. Next, the
Heuristics Miner constructs a process model based on these fre-
quencies and dependency measures.

4.5.3 Distributed Inductive Miner. The Inductive Miner first con-
structs a directly-follows graph and then recursively splits it into
subprocesses to derive a process tree as a process model. To obtain
the directly-follows graph, the Inductive Miner needs the direct suc-
cessions present in the event log as well as the set of start activities
and the set of end activities. EdgeMiner offers direct successions
in the form of an FM along with the two sets. Just as for the Alpha
Miner, the frequencies of the direct successions are not relevant, so
all entries greater than zero are set to one.

4.5.4  Distributed Footprint-Based Online Conformance Checking.
Online conformance checking continuously monitors process exe-
cutions and compares them against a reference model in real time.
Using EdgeMiner, each node generates and maintains a local, par-
tial FM that captures the current state of the process at that node.
As new events are detected, the local FMs are updated, and each
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node can use its FM to perform conformance checking against a
predefined process model [1].

5 Evaluation

In this section, we evaluate EdgeMiner in terms of correctness,
accuracy, and performance. We first discuss implementation, base-
lines, and datasets in Section 5.1. Next, Section 5.2 analyzes these
datasets. In Section 5.3, we experimentally evaluate the correctness
of EdgeMiner. In Section 5.4, we examine how MFP Requesting
reduces the number of queried nodes for Phase 1 of the algorithm
compared to naive querying. Section 5.5 estimates FM sizes during
an algorithm run, and Section 5.6 reflects on the evaluation results.

5.1 Evaluation Setup

5.1.1 Implementation. We implement EdgeMiner in Python and
use a network of Docker containers to simulate the distributed
nature of EdgeMiner.

5.1.2  Baselines. In our experiments, we compare EdgeMiner with
and without MFP Requesting to two baselines: (1) "Query All"
represents the upper bound where all nodes are queried, while
(2) a theoretical oracle-like approach serves as the lower bound.
The latter requires no requests if the predecessor corresponds to
the node itself and only one request to identify the predecessor
otherwise. Further, we compare EdgeMiner to traditional process
discovery algorithms [15, 31, 36] to validate that the resulting FMs
are identical.

5.1.3 Datasets. We conduct experiments on five real-world datasets
(event logs): Hospital Log [32], Sepsis Cases [18] and an IoT Event
Log for Process Mining in Smart Factories? [17]. These process-
mining event logs naturally support geographical distribution over
multiple nodes. To further substantiate our evaluation, we also
include the BPI Challenge 2017 [33] and the Road Traffic Fine Man-
agement Process [6] datasets. In our setting, each activity in a
dataset represents a node in an IoT network.

5.2 Dataset Analysis

We begin our experimental evaluation by analyzing real-world
event logs; see Table 1. Our analysis shows that even in large
datasets like the Hospital Log with over 600 distinct activities, the
average number of preceding activities per activity stays below 7,
showcasing the potential of MFP Requesting to reduce the average
number of queried nodes per event. Further, our analysis reveals
that event logs like the Smart Factories dataset contain numerous
self-loops resulting from different lifecycle transitions and states
within the recorded events. This characteristic benefits EdgeMiner,
as self-loops do not require communication.

5.3 Experimental Correctness & Fitness

In addition to the analytical correctness proof in Section 4.4, we
experimentally validate that the resulting FMs of EdgeMiner are
identical to the ones computed by today’s centralized algorithms>.
We test both on randomly generated artificial datasets and common

2We use the MainProcess. xes file of the non-cleaned version.
3We use implementations available in pm4py (https://pmdpy.fit.fraunhofer.de).
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Figure 4: Average Number of Nodes Queried with and without
MFP Requesting (including standard error): MFP Requesting
and knowledge of the start events reduce communication

demands by a factor of 7.5 to 30 depending on the dataset.

real-world event logs; see Section 5.1.3. For all datasets, the resulting
FMs are identical at the end of the log; see Fig. 5.

Next, we examine how the merged FMs converge over time:
Fig. 5 demonstrates that nearly all datasets reach 90% fitness within
less than 5% of the trace Here, the Smart Factories dataset is an
exception, reaching 90% fitness after processing approximately 41%
of the events, as it is quite small, see Table 1. The results indicate
that querying interim results can be highly informative, potentially
eliminating the need to process all events before requesting the
first FM. Moreover, our analysis suggests that reducing the sliding
window for discarding old data has minimal impact on the resulting
FM.

5.4 Number of Queried Nodes

To assess EdgeMiner’s performance, we analyze its two phases
separately. For the first experiments, we assume a batch size of one.

5.4.1 Comparison Across Datasets. Fig. 4 and Table 1 illustrate the
average number of nodes queried per event to find the predecessor
for each dataset. Query All serves as the naive baseline for mes-
saging every node in the network. With MFP Requesting, nodes
require significantly fewer requests to identify their predecessor
event. We achieve an additional message reduction when the pro-
cess has a designated start event, making predecessor requests for
the respective node redundant. Overall, the reduction increases
with the number of activities, influenced by factors such as an
expanding average case length, diminishing significance of start
events, varying numbers of self-loops relative to total events, and
the presence of just a few highly frequent predecessors.

Fig. 6 shows Cumulative Distribution Functions (CDF) for all
datasets. The Hospital Log has the steepest increase, with over
90% of events needing queries to no more than 5% of the nodes.
Conversely, the Traffic Fine dataset has very few instances where
the predecessor can be identified after querying just 5% of the nodes.
This deviation stems from the limited number of 11 activities in the
Traffic Fine dataset. Hence, within the 5% threshold, only self-loops
are considered.

5.4.2 Stabilization over Time. We now delve deeper into the specifics
of the Hospital Log, as it is by far the largest one in terms of activi-
ties. Fig. 8 illustrates how the number of queried nodes stabilizes
in the Hospital Log after fewer than 3,000 events. There are still
fluctuations, for example, at around 5,000 events. This event log is a
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Table 1: Dataset Properties and EdgeMiner Performance (standard deviation in parentheses if not stated otherwise).

Event Log Events Activities (Start) Cases @Length Self-Loops @Predecessors @MFPRatio Reduction
Traffic Fine 561,470 11 (1) 150,370 3.73 4,306 6.36 (2.71) 0.80 (0.17) 64.94%
Sepsis 15,214 16 (6) 1,050 14.49 1,034 7.19 (2.67) 0.53 (0.20) 81.30%
Smart Factories 8,607 21 (1) 271 31.76 5,854 4.62 (3.33) 0.69 (0.07) 92.15%
BPIC 2017 1,202,267 26 (1) 31,509 38.16 448,205 6.85 (5.30) 0.79 (0.18) 93.40%
Hospital 150,291 624 (29) 1,143 131.49 26,542 6.78 (12.25) 0.69 (0.28) 96.13%
Lo Traffic Fi
—— Traffic Fine
9 § 0.8 1 § 0.31 —— Sepsis
o g 2 —— Smart Factories
= 0.6 —— Traffic Fine g 0.6 1 — Traffic Fine E 0.2 1 BPIC 2017
g 0.4 - —— Sepsis a 0.4 1 — Sepsis § —— Hospital
% —— Smart Factory 2 ' = Smart Factory %01
< 0.2 BPIC 17 2021 BPIC 17 15
—— Hospital o« —— Hospital i8]
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Normalized #Events Fraction Queried Nodes Batch Size

Figure 5: Fitness Over Time: Intermedi-
ate FMs quickly converge to the centrally
computed FM. The BPIC 2017 dataset, for
example, already has a fitness of over 90%
after 200 events.
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Figure 8: Number of Nodes Queried Over Time in the Hospi-
tal Log (moving average; green line: window size 50, step 1;
orange line: window size 200, step 100): The moving average
stabilizes after around 3,000 events. The reference line (Query
All) indicates the maximum number of requested nodes per
event. The plots show the first 10,000 of over 150,000 events.

good example of stabilization due to its large activity set. Datasets
with more activities take longer to stabilize, as each activity must
occur multiple times for the MFPs to be identified.

5.4.3  Activity-wise Analysis. Next, we evaluate the number of queries
per activity in the Sepsis Cases log; see Fig. 9. In contrast to other
event logs, the Sepsis Cases do not have one designated start event
but six different ones. However, about 95% of cases start with "ER
Registration", which explains why the corresponding bar clearly
stands out above the others. Although "Release E" shows an in-
creased query count, it is not a start activity. The increased query
count results from the limited occurrence (only six times), indi-
cating non-converged predecessor stabilization. The situation is
similar for the four activities to its left. They occur infrequently,
which also explains the higher standard error.

Figure 6: Cumulative Distribution Func-
tions: A steeper curve indicates a higher
proportion of events that queried few
nodes to identify their predecessors, re-
flecting greater efficiency.
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Figure 7: Relationship between Batch
Size and Average Number of Queried
Nodes per Event (normalized): Batch-
ing effectively reduces the number of
queries.
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Figure 9: Average Number of Queried Nodes in the Sepsis
Dataset: Displayed is the average number of queried nodes
per activity (left y-axis) alongside the number of occurrences
of each activity (right y-axis). The x-axis displays the dif-
ferent activities of the event log and highlights the start
activities (S). We plot the number of requested nodes when
querying all nodes and the average number of queried nodes
over all events using MFP Requesting. The diagram shows
that activities with the highest average queries occur the
least (excluding start activities).

5.4.4 Batching. Fig. 7 illustrates the reduction in the average num-
ber of queried nodes per event as the batch size increases. For
example, at a batch size of 40, all datasets achieve an average num-
ber of nodes queried per event of less than 2.5% of the nodes in
the network. For the Traffic Fine dataset, 2.5% corresponds to 0.25
nodes, whereas for the Hospital Log, it is 15.6.
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Table 2: EdgeMiner’s Efficiency and Privacy Across Datasets
Against Centralized PM (CS/CE = Central Storage/Entity).

Naive EdgeMiner
Centr. .- . with MFP&
& Batching (10)
Traffic Fine 1 21 1.76
Sepsis 1 31 2.32
:rhli][\s/fht Smart Factories 1 41 2.30
¥ BPIC 2017 1 51 176
Hospital 1 1247 26.46
Privacy Storage None No CS No CS
Enablers Msg. Scope To CE In-Network In-Network

5.4.5 Communication Cost and Privacy. Table 2 compares the cen-
tralized approach with the naive EdgeMiner algorithm and EdgeM-
iner using MFP Requesting and batching regarding communication
overhead and privacy. The centralized approach requires fewer
messages per event but at the cost of reduced privacy. For the naive
EdgeMiner, the number of messages per event equals 2- (n —1) +1
with n the number of activities/nodes. All nodes except the node
itself are contacted, all other nodes reply, and the chosen node gets
a confirmation message. For EdgeMiner with MFP Requesting and
batching, we compute 2 -k +1 with k the average number of queried
nodes per event (see Fig. 4). In the centralized approach, event data
is sent to a central entity right after the event, which requires only
one message per event. However, this approach relies on a central
storage system where all events are collected, presenting privacy
and scalability risks. Although the number of messages per event
for EdgeMiner with MFP Requesting and batching is higher than
in the centralized approach, it is a considerable improvement com-
pared to the naive EdgeMiner. We use a batch size of 10 events. As
we show in Section 5.4.4, batching with larger batch sizes reduces
the number of queried nodes and, therefore, the number of mes-
sages per event even further. The trade-off presented here is clear:
while the EdgeMiner variants, particularly EdgeMiner with MFP
Requesting and batching, cause higher communication overhead,
they offer substantial scalability and privacy benefits by eliminat-
ing central storage and limiting non-aggregated communication to
within the network.

5.5 Footprint Matrix Sizes

In the second phase of EdgeMiner, nodes transmit their data to
a central entity, generating a fixed number of messages. These
messages include the node’s local FM along with two additional
Booleans indicating whether a node recorded the start or end ac-
tivity of a trace. In EdgeMiner, each node only keeps track of its
predecessors in its FM, resulting in transmitting FMs across the
network of a maximal size of n X 1, where n represents the total
number of activities. Even for datasets like the Hospital Log, which
has an activity count of 624, each node transmits only a list con-
sisting of at most 624 elements. Compared to existing distributed
process discovery algorithms [9, 11], which often require sending
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up to quadratic FMs to a central entity, our approach is charac-
terized by a compact message size. Moreover, storing such matrix
sizes on IoT nodes is feasible even with constrained resources. For
long-running processes, EdgeMiner can discard event data related
to own, predecessor, and successor events once a node’s partial FM
has been collected.

5.6 Evaluation Discussion

EdgeMiner leverages data locality to enhance its efficiency. Unlike
existing distributed process discovery algorithms [9, 11], which
typically collect the event data completely before processing it and
creating FMs or process models, EdgeMiner adopts a proactive
strategy by processing data at runtime and at its source. When
the FM is requested, EdgeMiner has already started the process
discovery algorithm by collecting partial FMs at each node thereby
speeding up mining. Consequently, our strategy provides a signifi-
cant time advantage, especially when handling large datasets with
hundreds of activities and thousands of events. When looking at
conformance checking, EdgeMiner enables online conformance
checking by distributing the computation of FMs and making the
partial FMs available at the data sources.

6 Conclusion

In this paper, we introduce EdgeMiner, a novel approach tailored
to enable distributed process discovery and conformance checking
in IoT networks. By distributing computations to IoT and edge
devices, EdgeMiner addresses scalability and privacy concerns in-
herent in centralized approaches. We discuss how EdgeMiner’s
design principles support common process mining algorithms that
construct footprint matrices or record direct successions, such as
the Alpha, Heuristics, and Inductive Miner [15, 31, 36]. Moreover,
integrating Most-Frequent-Predecessor Requesting reduces com-
munication overhead, ensuring efficient event handling within the
network. The batching of predecessor queries further minimizes
communication overhead.

Our empirical evaluations showcase EdgeMiner’s stark reduction
of messages in real-world scenarios compared to a naive predeces-
sor determination approach. EdgeMiner achieves a reduction in
communication for determining predecessor events by up to 96%
compared to querying all network nodes after each event. By batch-
ing predecessor queries in groups of, for example, 40 events, exper-
iments show an average reduction in the number of queried nodes
per event to less than 2.5% of all nodes. We analytically and experi-
mentally demonstrate the correctness of the algorithm and show
how the intermediate results of EdgeMiner quickly converge to the
FM of the full event log. We highlight how EdgeMiner provides a
significant time advantage over algorithms lacking pre-processing
capabilities while still producing the same FMs as the centralized al-
gorithms. By avoiding the storage of full event traces and sensitive
personal data in central locations, EdgeMiner enables data privacy
through aggregation that eliminates personal identification.
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A Appendix: Formal Correctness Proof

We introduce a formal correctness proof. For this, we show that
merging partial FMs in EdgeMiner outputs the same FM as calcu-
lating the FM based on a full event log.

We begin by introducing notations before defining our claim.
Let FM9! denote the FM computed from an entire event log L and
n := |Ty|, where T, denotes the set of all activities in L. Further, let
FMi fori € {0,...,n—1} be the partial FM computed by node i, and
L; the partial event log that node i has knowledge of. Since i only
keeps track of its predecessor events, its footprint matrix FM! con-
tains only one column. In the following correctness claim, we only
consider the footprint matrices and omit start and end activities.
The design of EdgeMiner ensures that a node considers an activity
only a start or end activity if it corresponds to the start or end event
of an entire trace. Further, we assume the footprint matrices only
consist of ones and zeroes. The correctness for footprint matrices
with entries in Ny follows from the fact that EdgeMiner detects
all direct successions and adds a direct succession to exactly one
partial footprint matrix.

Craim 1. Merging the partial footprint matrices FMO, ..., FM"~!
by concatenating them ordered by activity ID results in the same FM
as the FM®!, formally (FM° FM"™ 1) = FMalt,

Proor. To prove the claim, we show that all direct successions
represented in the partial FMs can be found in FM4! and vice versa.
Thus proving the claim of equivalence between the merged partial
FMs and the FM with unrestricted knowledge.

By definition, FMall ¢ {0, 1}"*", As already discussed, for
FM:, i € {0,...,n — 1}, we assume without loss of generality

that FM' € {0,1}™¥1. It directly follows (FM° FM" 1) €
{0, l}nxn.

Leti >y, j, i,j € {0,...,n— 1} be a direct succession encoded
in the merged partial footprint matrix (FM0 FM”_l). Due

to the concatenation of the partial matrices, it holds FMl.j =1.FM/
contains all direct successions between its activity and its preceding
activities. This means there is a trace in the event log L in which i is
followed by j. By definition, FM®! captures all direct successions
in L, meaning it must hold FMZ.” =1.

It remains to show that the opposite direction holds. Let k >
, k,£ €{0,...,n— 1} be a direct succession represented in Fmal,
formally FM]‘clél = 1. Since each node keeps track of all its predeces-
sor activities in its local FM, we know that FM]i = 1. Merging all
partial FMs only means concatenating them ordered by activity ID.
Therefore, it follows (FMO FM”_I)M = 1. Thus proving
the claim. o
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