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 a b s t r a c t

Highly scalable parallel applications can efficiently solve expensive computational problems when run on a large 
number of compute nodes. However, selecting the optimal number of nodes for a compute job of a given size 
is non-trivial, and allocating too few or too many nodes may not yield the expected performance. Knowing the 
scaling behavior of an application in advance enables us, for example, to make optimal use of the available 
hardware resources. We introduce a novel, portable approach to predict the scalability of parallel applications 
written in modern high-level programming models. We propose a predictive compiler-runtime framework based 
on Celerity, a task-based distributed runtime system that enables executing SYCL codes on clusters. The frame-
work targets a broad range of computing systems, from CPU to GPU clusters, and proposes a model that combines 
machine learning, communication modeling and DAG heuristics. Experimental results on two large-scale clusters, 
JUWELS and Marconi-100, show accurate scalability prediction of unseen single and multi-task applications.

1.  Introduction

The scalability of software is crucially important for large-scale HPC 
systems. It is desirable not only to have scalable parallel systems [1], on 
which the speedup increases proportionally with the number of proces-
sors, but also to understand when such systems do not scale anymore. 
Scalability predictions are important for various reasons, e.g.: to find 
scalability bugs in complex codes [2]; to understand when applications 
should avoid slow secondary storage and networks, leaving the CPU as 
the main performance bottleneck [4,5]; to avoid wasting resources be-
yond the point at which they achieve good speedup [6]. Unfortunately, 
predicting scalability is a difficult task as it depends on different factors 
including application and algorithm characteristics, problem size, com-
munication patterns, network topology, targeted hardware, as well as 
intricacies of the software stack.

Consider the examples given in Fig. 1. Fig. 1(a) shows a matrix mul-
tiply on a CPU cluster with different input sizes. With a smaller input 
size (20482) the performance initially increases as the number of CPUs 
is increased, but will eventually drop when the number of CPUs be-
comes too large. Larger input sizes (e.g., 40962) instead show a graceful
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performance degradation when increasing the number of CPUs, with an 
overall good scalability. The same code, however, may exhibit a dif-
ferent scaling behaviour on different computing systems: a CPU cluster 
Fig. 1(a) scales gracefully with very different combination of input sizes 
and number of devices with respect to a GPU cluster (Fig. 1(b)); for 
system configurations refer to Section 5.1). Additionally, large appli-
cations comprising of multiple tasks have a more complex scalability 
behaviour: while a standalone matmul shows good scaling (Fig. 1(a)), 
it scales poorly within a matmulchain application, because of the larger 
data movement (Fig. 1(c)).

Fig. 2 presents the overall approach of this work. We assume that, 
within a restricted execution model, it is possible to achieve more ac-
curate and automatic scalability prediction in both single and multi-
task scenarios. Although efforts have been spent to automate the task of 
performance modeling [7], of which scalability prediction is a special 
case, to the best of our knowledge there is no related work that pro-
poses scalability predictions inherently integrated within a high-level 
programming model which can target distributed memory GPU clusters. 
We implement our research in Celerity [8], a programming model that 
provides a modern, restrictive and simplified execution model based on 
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Fig. 1. Scalability of two SYCL/Celerity applications on JUWELS and Marconi-
100.

Fig. 2. Proposed prediction framework.

SYCL [9]. Celerity provides high-level semantics for data requirement 
specification (i.e., range mapper) and is supported by a distributed run-
time system [10] that organizes the computation in a task computation 
directed acyclic graph (CDAG). We choose Celerity as the basis for our 
research as it provides a basis for executing a variety of algorithms with 
distinct load characteristics and data transfer requirements on CPU and 
GPU clusters within a single framework while featuring a high-level rep-
resentation of data flow.

The prediction methodology comprises two modeling steps. The first 
step is a single-task model based on machine learning, which requires 
model training only once per system rather than per application. The 
training of the regression model uses static and run-time features on a 
small set of benchmarks, and is able to predict the scalability of unseen
kernels. This means, using cross-validation we exclude all data related 
to one kernel from the model training set so as to predict the entire 
scalability curve, without relying on known data points and without 
using extrapolation or interpolation. Secondly, a multi-task application 
model extends the single-task model based on CDAG heuristics, while 
taking data movement into account. Our approach here is to micro-
benchmark inter-node data transfers assuming a black-box approach to 
network topology. Altogether, the two-stage approach is able to predict 
the full scalability curves of unseen programs, which to the best of our 
knowledge has not been attempted.

Overall, the contributions of this work are:

• A portable compiler-runtime framework based on the SYCL/Celer-
ity programming model, which is capable of extracting static infor-
mation from kernels as well as dynamic information from the dis-
tributed runtime system (Section 2).

• A machine learning-based model operating on static and runtime 
feature representations, which predicts the scalability of single-task 
applications (Section 3). The proposed methodology is abstract to 
the hardware and is able to predict the scalability for both CPU and 
GPU clusters.

• An extended scalability prediction model for multi-task applications, 
which uses the computational DAG provided by Celerity’s runtime 
system and the provided range mappers to carefully model the data 
movement (Section 4).

• An experimental evaluation demonstrating portability on two large-
scale systems, JUWELS and Marconi-100 (equipped respectively 
with multi-core CPUs and GPUs), and including error model anal-
yses, static and dynamic feature evaluation, and code correlation 

study explaining how the model automatically learns from the train-
ing data to predict the scalability of unseen applications (Section 5).

2.  A Compiler-Runtime Approach

Large-scale clusters of accelerators are difficult to program. There-
fore, scientists often prefer high-level programming models supported 
by runtime systems to low-level approaches such as MPI+X. We pro-
pose a prediction framework that is fully integrated into a high-level 
programming model and leverages both the underlying compiler and 
runtime system to derive accurate scalability predictions. This section 
describes the programming model (2.1), the compilation infrastructure 
(2.2), and the distributed runtime system (2.3).

2.1.  Programming model

Our scalability prediction framework takes as input an application 
written in SYCL with Celerity extension and runtime system for cluster 
programming.

SYCL [9,11] is a programming model for heterogeneous computing 
that builds on modern C++. While SYCL follows the execution and 
memory model of OpenCL [12,13], implementations can have a non-
OpenCL mapping, e.g., the Adaptive C++ CUDA backend [14]. SYCL 
supports single-source programming where both kernel and host codes 
are stored in the same source file, enabling e.g., C++ templates to 
work seamlessly and in a type-safe manner across boundaries of host 
and device code. When accelerators are targeted, a dedicated compiler 
identifies, extracts and compiles kernels into an intermediate represen-
tation or machine code. The default memory model for handling mem-
ory is the buffer-accessor model, where the application running on the 
host uses SYCL buffer objects to allocate memory in the global address 
space. To access a memory object, the user must create an accessor ob-
ject that parameterizes the type of access to the memory object that 
a kernel or the host requires. An accessor object specifies whether the 
access is via global memory, constant memory or image samplers, and 
their associated access functions. The accessor also explicitly specifies 
whether the access is read-only, write-only, or read-write. The execution 
of data-parallel kernels is organized by a task graph, which is implicitly 
constructed by the runtime based on data access specifications that the 
programmer associates with a kernel using accessor objects.

Celerity [8] is built on top of SYCL by extending its API for dis-
tributed memory clusters, which substantially simplifies migration of 
existing single-node single-device SYCL applications to cluster-based 
multi-CPU and multi-GPU systems. Celerity’s extensions comprise two 
features: While a SYCL program consists of a queue used to submit 
commands to a compute device, Celerity introduces a distributed queue, 
which represents all compute devices in the cluster as a single virtual 
device. Each buffer’s accessor is associated to a functor indicating its 
data requirements called range mapper. In particular, range mappers are 
a way to express data dependencies and enable the runtime to efficiently 
implement data distribution among all cluster nodes.

Several built-in range mappers are provided for common data access 
patterns, including one-to-one, neighborhood, slice, all, and fixed. 
The one-to-one mapper specifies that a kernel, for every individual 
work item, will access that buffer only at that same global index. The
slice mapper extends the range along one dimension indefinitely, thus 
selecting an entire slice of a buffer in that dimension; e.g., the matrix 
multiplication in Listing 1 uses two slice mappers for rows and columns.
neighborhood is used for stencil-like codes, while all selects the entire 
buffer.

In this paper, we extend the Celerity programming model and dis-
tributed runtime system with an LLVM-based kernel compilation infras-
tructure, including a static feature extractor, a runtime extension to col-
lect runtime features, and a scalability modeling framework.
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Listing 1. A matrix multiplication in SYCL/Celerity (see queue and range map-
pers), including both host and kernel code.

2.2.  Compilation infrastructure

The input codes are compiled with a SYCL compiler. As SYCL codes 
include both host and kernel code, existing implementations such as 
Adaptive C++1 [14], Intel’s oneAPI Data Parallel C++ compiler [15] 
or formerly CodePlay’s ComputeCPP [16] provide a way to return the 
extracted kernel in an intermediate representation such as SPIR-V or 
LLVM bitcode. Our approach includes a set of LLVM passes, which ana-
lyze all kernel functions in the IR and provide a feature vector for each 
kernel. The feature representation aims at characterizing the kernel, e.g., 
to understand if it is dominated by floating point computation or mem-
ory accesses. This will act as the basis for our single task scalability 
prediction which we describe in Section 3.

2.3.  Distributed runtime system

Based on the data access specifications and range mappers provided 
in the programming model, the runtime system can efficiently distribute 
data and computation among the available devices.

First, the runtime executes a prepass, which is similar to the normal 
program execution but, instead of actually executing the kernels collects 
dependency and scheduling meta-information in a task graph. This strat-
egy also allows the runtime to infer the input size of each task before 
the actual execution. The graph used by the runtime is a representation 
of the planned execution of the kernels in the application: a vertex is a 
task, i.e., a direct mapping of a SYCL/Celerity kernel execution on the 
whole cluster with its entire execution space; a direct edge represents a 
data dependency between two tasks. As such, there are no loops (e.g., 
loops iterating a kernel execution are unrolled in the execution plan). A 
Celerity task graph is formally modeled as a computation directed acyclic 
graph (CDAG). We will describe the CDAG in more detail in Section 4 
in the context of using it as the basis for our multi-kernel scalability 
prediction.

The prepass is executed on each node in an MPI-like fashion and 
generates the task graph; it is the same on all nodes. The number of 
nodes affects the generation of the command graph, but that happens 
asynchronously based on the task graph data generated by the prepass.

After DAG creation, a scheduler constructs a more detailed command 
graph from existing CDAG nodes, which includes individual instructions 
for each device in the system and encodes all necessary data transfers 
to maintain a consistent view of data. During this step, the scheduler 
asynchronously splits individual tasks into multiple commands, which 
represent work ranges of the sub-task to be executed on a single remote 
device.

The Celerity (distributed) execution model extends SYCL so that each 
kernel is executed on all devices in the cluster, in a data-parallel fashion: 
for example, in a GPU cluster, each GPU executes the same kernel on 

1 Formerly known as hipSYCL.

Fig. 3. Scalability model training phase.

Fig. 4. Model inference for different problem sizes.

different execution ranges (and therefore on different data). Details of 
the Celerity execution model and scheduler are available in Celerity’s 
reference papers [8,17].

3.  Single-Task Prediction

The goal of this work is the prediction of the scalability of a program 
as a function of the number of devices. The prediction framework com-
prises two components: a scalability prediction model for single-task ap-
plications based on machine learning, and a multi-task model that reuses 
the single-task model on top of a computational DAG for heuristic appli-
cation scalability predictions. This section provides an overview of the 
single-task prediction (3.1), and details regarding the feature extraction 
(3.2) and model training (3.3).

3.1.  Overview

In this section, we assume that we have an application containing a 
single kernel that is executed only once. A scalability prediction for a 
similar single-task application is calculated with a two-phase machine 
learning methodology comprising of a training and inference phase. The 
proposed methodology is abstract to the hardware and can be used to 
predict the scalability of a program on a GPU cluster as well as a CPU 
cluster. 

The training phase, which builds the model, is shown in Fig. 3. 1⃝ 
The input SYCL/Celerity codes used for training are given as input to 
the SYCL compiler. 2⃝ The compiler generates the intermediate repre-
sentation for each kernel , 3⃝ which is analyzed by a LLVM compilation 
pass that extracts the code features and saves them into a feature set. 
4⃝ The compiled training applications will be executed with different 
problem sizes and increasing number of nodes. For each parallel execu-
tion, 5⃝ the runtime system will extract a set of runtime features and 
6⃝ measure the scalability. Finally, once all the training data has been 
collected, the model trainer will train a regression model, which will 
be saved for later use. Model generation is automatic and can be easily 
ported to any SYCL-supported compute systems.

Once the scalability model is available, it can be used in different 
scenarios. Fig. 4 shows how the model can be used within a compiler 
tool to predict the scalability of a kernel with different sizes. For the
scalability prediction of a new input SYCL/Celerity code with a single 
kernel, 1⃝ the code is provided as input to the SYCL compiler, 2⃝ its 
kernel is translated into LLVM IR and 3⃝ statically analyzed to extract 
static features. To have a scalability prediction before running the appli-
cation, 4⃝ we evaluate the runtime features for different problem sizes 
and number of nodes. Once all the runtime features are combined with 
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the static ones, 5⃝ the predictor generates a scalability plot that predicts 
the scaling behaviour of the input application with different problem 
sizes.

3.2.  Feature extraction

We use a feature engineering framework to characterize a parallel 
task execution, including the problem size and the number of compute 
nodes/devices, which summarizes all this information into a single fea-
ture vector. The feature vector conveniently encodes static code fea-
tures, extracted by an LLVM pass on the intermediate representation 
generated for each kernel, and dynamic runtime features, which are ex-
tracted by the runtime system during the prepass.

The static code features have been designed to express the compu-
tation and memory behaviour of a kernel; the initial design was inspired 
by architectural consideration on GPU component architecture [18–20] 
and extended to CPU. The static feature set comprises 15 values: bitwise 
instructions; integer add/sub and multiplication; f32 and f64 add/sub, 
division and multiplication; load and store; other instructions; a fea-
ture representing the ratio of coalesced memory access over the total 
number of accesses; the total number of instructions. Formally, static 
features are represented by a feature vector ⃗𝑘, where every single com-
ponent is normalized in [0, 1]. We use different normalization techniques 
according to the feature value distribution. The static feature extractor 
needs to know the execution count of each feature. The extraction of 
static features is computed by an LLVM pass that implements Kofler at 
al. [21] heuristics with the following steps. Initially, each instruction (in 
a basic block) has an assigned contribution of 1. After running the loop 
simplify analysis and imposing the Loop Closed SSA form on each loop, 
the contribution of each instruction in the loop is multiplied according 
to Kofler et al. heuristic: If the loop count is static, each instruction in 
that loop is multiplied by the loop count. If unknown, the heuristic as-
sumes 100 iterations are performed. This heuristic is very simple but 
works surprisingly well with loops and loop nests of unknown itera-
tion counts. The final calculation is performed using a dataflow analysis 
which takes the maximum contribution when different paths are taken 
(join operator). The static feature representation is based on high-level 
LLVM IR and does not contain information that prevents the portability 
of the approach on different target architectures.

The runtime features are dynamically extracted by a runtime sys-
tem. They comprise the number of global work items, the size of input 
and output buffers normalized over the global size.

Fig. 1 shows a summary of both static and runtime features used in 
the predictive modeling approach.

Overall, a parallel task execution 𝑞 is represented by a feature vector, 
which is a concatenation of the vectors with static and dynamic features, 
and the number of nodes 𝑛 (or devices) used for that execution, i.e., 
𝑞 = (𝑘⃗, 𝑑, 𝑛).

3.3.  Model training

The task of predicting the scalability of a single-task data-parallel 
execution is formulated as a regression problem. The scalability be-
haviour of a code on a given computing system can be typically ex-
pressed as a unimodal function with a peak representing the maximum 
number of nodes before performance degradation. Formally, given a 
set of 𝑀 parallel program executions in the training set 𝑇  , we de-
fine a training sample of input-output pairs (𝑞1, 𝑠1),… , (𝑞𝑀 , 𝑠𝑀 ), where 
𝑞𝑖 ∈ 𝑇  , and each kernel execution of 𝑞𝑖 is associated to its measured 
speedup 𝑠𝑖. Therefore, the model is represented by the following func-
tion 𝑓 (𝑞) = 𝑠𝑖. In practice, to demonstrate model generalization we 
dynamically separate the data into distinct test and training sets us-
ing leave-p-out cross-validation, which we explain in more detail in
Section 5.2.

To model such a function, we experimentally evaluate several 
regression approaches: Support Vector Regression (SVR), K-Nearest

Table 1 
List of static and runtime features. The normalization allows for fea-
ture scaling so that feature values are in [0,1]. The value range repre-
sents the observed values in the training data before normalization. 

 Feature  Normalization  Value range
 number of input buffers  min-max scaling  0.6
 number of output buffers  min-max scaling  1.4
 bitwise instructions  ratio (total insts)  0.903
 integer add & sub  ratio (total insts)  3.30608
 integer multiplication  ratio (total insts)  1.10203
 32-bit floating point add & sub  ratio (total insts)  0.10000
 32-bit floating point multiplication  ratio (total insts)  0.10000
 32-bit floating point division  ratio (total insts)  0.100
 64-bit floating point add & sub  ratio (total insts)  0.1
 64-bit floating point multiplication  ratio (total insts)  0.1
 64-bit floating point division  ratio (total insts)  0.1
 load  ratio (total insts)  6.20012
 store  ratio (total insts)  1.501
 other  ratio (total insts)  13.61125
 total number of instructions  min-max scaling
 problem size  log scaling
 number of devices  log scaling

Neighbors (KNN) and Random Forest (RF). We used machine learning 
methods that typically applies to small training set and have been also 
successfully used in similar other tuning problems [21–23]. As each ap-
proach exposes several parameters, a grid search has been performed to 
select those parameter configurations that yield higher accuracy. SVR 
[24] is a support vector machine designed for regression tasks. We tested 
several values for the free parameters (𝐶 and 𝜖) and evaluated different 
kernel functions (the most accurate kernel was the radial basis func-
tion). KNN is a regression approach based on the k-nearest neighbors 
algorithm; after experimentally testing several values, the most accurate 
model used three neighbors. RF is a meta-estimator that fits a number of 
classifying decision trees on sub-samples of the dataset using averaging 
to improve the accuracy and to control over-fitting. Several parametriza-
tions have been evaluated, and our final most accurate model uses 100 
estimators and Mean Squared Error (MSE) to measure the quality of a 
split. RF is the approach resulting in the most accurate predictions, as 
our evaluation will show in Section 5.2. We further improve the accu-
racy by lowering the feature dimensionality using Principal Component 
Analysis (PCA) [25].

4.  Multi-Task Prediction

Modern parallel applications are composed of many tasks organized 
in a complex control flow. To predict the scalability of such applications, 
we designed a framework that extends the single-task modeling outlined 
in Section 3 to a multi-task scenario.

Fig. 5 shows the overall approach for multi-task prediction. The first 
three steps are the same as for a single-task application: 1⃝ an input 
SYCL/Celerity code has 2⃝ its static features are extracted statically, for 
each kernel, by the compiler; 3⃝ this set of feature is further extended 
with dynamic features collected by the distributed runtime system. 4⃝ 
A Celerity application is modeled by a computational task graph where 
each vertex represents a task, i.e., a kernel execution, and edges corre-
spond to data dependencies between tasks; this information, together 
with the range mapper associated to each data dependency and 5⃝ the 
pre-trained per-task scalability model, will later be used for multi-task 
predictions 6⃝. 

We derive an application scalability model by using the single-task 
prediction function of each task. In a single-task scenario, there is no 
data movement between nodes and devices, as data is allocated in a 
distributed way before kernel execution. However, in a multi-task ap-
plication, data communication may occur in between subsequent ker-
nel executions in order to satisfy data dependencies. In a SYCL/Celerity
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Fig. 5. Multi-task prediction, based on the single-task scalability model, the collected features, the CDAG and the communication overhead associated to each data 
dependency.

application, data dependencies and placement are expressed by the 
range mapper associated with a buffer’s accessor. The key insight is 
that, given the restricted execution model, the volume and the type of 
message passing are entirely dependent on the combination of the range 
mappers of the previous write and the current read operation on a given 
buffer. Therefore, multi-task modeling should consider both task DAG 
and the range mappers.

This section introduces the task model used to represent the 
computation (4.1), a simple prediction model that ignores com-
munication (4.2), and an enhanced communication-aware model
(4.3).

4.1.  Task model

We model the execution of a parallel program by using a computation 
directed acyclic graph (CDAG) as defined by Bilardi and Peserico [26]. In 
our case: tasks are kernels executed on all allocated devices of the cluster 
and represented by graph vertices; inter-task dependencies are captured 
by graph edges. Formally, a CDAG is a 4-tuple 𝐶 = (𝑉 , 𝐼, 𝑂, 𝐸) of finite 
sets such that: 𝑉  is the set of vertices; 𝐼 ⊆ 𝑉  is the input set and its 
vertices have no incoming edges; 𝑂 ⊆ 𝑉  is the output set and its vertices 
have no outgoing edges; 𝐸 ⊆ 𝑉 × 𝑉  is the set of edges; 𝐺 = (𝑉 ,𝐸) is a 
directed acyclic graph.

A CDAG does not specify an order of execution of the task, but only 
partial ordering constraints as edges. Considering that each task is actu-
ally executed on the whole cluster, e.g., on all devices available on the 
system, it is important to consider what schedule is applied to under-
stand the scalability behaviour of an application. Formally, we define a 
schedule as a topological sorting 𝜏 = (𝑣1,… , 𝑣𝑁 ) of the elements of 𝑉  so 
that whenever (𝑣𝑖, 𝑣𝑗 ) ∈ 𝐸, then 𝑖 < 𝑗.

For the Celerity version we used for this work, the order of execu-
tion of the task is the same order as they are placed on the distributed 
queue; therefore, the order must be predicted in advance for modeling 
purposes.

Given a task 𝑣𝑖 ∈ 𝑉 , we implicitly refer to the vector 𝑞𝑖 as the feature 
representation of the task 𝑣𝑖. We also assume that we already have a 
function 𝑓 that, given a single task 𝑡𝑖, correctly predicts the scalability 
of this task by using it’s associated feature vector, i.e, 𝑓 (𝑞𝑖). Our goal is 
to define a function 𝑔(𝜏) that predicts the scalability for the sequence of 
tasks in the schedule 𝜏.

Recall that Celerity’s runtime uses a prepass to capture data de-
pendencies in the CDAG before the actual program execution. Sim-
ilarly, once a prediction function is available for each kernel, no 
application execution is required for application prediction. In fact, 
the scalability tool works as a standalone tool (on a single node) 
that returns the prediction with different input sizes and number of
nodes.

Listing 2. Code exerpt from 2mm.

4.2.  Communication-less prediction

We first introduce a simpler model for the scalability prediction of a 
multi-task application by ignoring the data communication. The result-
ing prediction will be an over-approximation of the scalability function.

In the case of a single task application with 𝜏 = (𝑣1), the scalability 
of the application is trivially calculated by using the single-task scala-
bility function 𝑓 , i.e., 𝑔((𝑣1)) = 𝑓 (𝑘1). By ignoring data communication 
between task executions, the application model becomes a simple ag-
gregation of the single-task scalability functions in the schedule. Eq. 1 
introduces a simple heuristic, which defines the speedup as an average 
of all predicted speedups in the schedule, i.e. 

𝑔(𝜏) = 1
𝑁

𝑁
∑

𝑖=0
𝑓 (𝑘𝑖) (1)

This heuristic makes the assumption that all kernels contribute equally 
to the overall scalability. To overcome this limitation, we propose in 
Eq. 2 a heuristic based on a weighted average: 

𝑔(𝜏) =
𝑁
∑

𝑖=0
𝑓 (𝑘𝑖)𝑤𝑖 (2)

After the prepass and before the kernel execution, the runtime system 
is aware of the number of global work items of each task; weights 𝑤 are 
initialized to the global sizes to handle unbalance due to different per-
task input sizes. However, we found applications such as syrk, where 
unbalance comes from the inner structure of the kernel, e.g., the number 
of loops. For this reason, we refine the weight calculation by considering 
the loop information extracted statically for each kernel at compile time, 
and by normalizing the weights so that ∑𝑁

𝑖=0 𝑤𝑖 = 1.
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Listing 3. Code exerpt from syrk.

For clarity, we show an example of kernel weight calculation for 2mm
and syrk. For both kernels, we assume an execution with an input size of 
81942. For 2mm (Listing 2), we have two matrix multiplications with the 
same number of instructions and the same size; in this case, the weights 
are 0.5 and 0.5. In syrk (Listing 3), we have two different kernels. Al-
though they both have the same input size, they contribute differently 
to the overall program execution. The first kernel has three instructions. 
For the second, we adopt the loop heuristic used in Section 3.2, which 
yields a total number of instructions of 903. By considering both input 
size and instruction count, we get normalized kernel weights of 0.003 
and 0.997 for the two kernels, respectively, which reflects the fact that 
the second kernel is largely dominant.

4.3.  Data movement overhead

Eq. 2 over-approximates the scalability because it does not consider 
the data communication, which incurs a severe overhead on modern 
large-scale compute clusters, at the point to severely limit the scalability. 
In a Celerity application, the data distribution policies are expressed by 
the programmer through the range mapper semantic, which is used by 
the runtime system to move (part of the) data buffer on those nodes that 
actually need it. Therefore, different range mappers will have a different 
impact on the scalability as they will transfer different amounts of data: 
given the restricted execution model, data movement mostly depends on 
the range mapper combination on read-after-write (RAW) dependencies.

To better understand the relation between range mapper and data 
communication, we show the behaviour of three multi-task applications 
with different communication behaviour (Fig. 6). In syrk (Fig. 6(a)), the 
first kernel writes to a buffer marked by a one-to-one range mapper, 
which is later read by the second task using again a one-to-one range 
mapper. As both range mappers indicate the same partitioning, no extra 
data movement occurs. In terms of modeling, the application scalabil-
ity is largely dependent on the scaling behaviors of its tasks, as mod-
eled by Eq. 2. In matmulchain (Fig. 6(b)), however, two dependencies 
connect buffer accesses (first written, then read) with different range 
mappers: one-to-one → slice_d1 and one-to-one → slice_d0. We 
experimentally observed that the latter involves a larger communication 
overhead, affecting the scalability, which would otherwise be similar as
matmul if communication was ignored. In fdtd2d (Fig. 6(c)), two out of 
three dependencies have a range mappers combination that identifies 
the halo zone data exchange of a stencil-like computation: one-to-one
→ neighborhood<2>. The communication is relatively small compared 
to matmulchain, but the overall scalability is low because of the poor 
scaling of the individual kernels.

To measure the data movement generated by the range mappers, 
we designed a benchmark that evaluates read-after-write (RAW) buffer 
dependencies with all possible combinations. The benchmark is based 
on a matrix addition kernel. For each combination, the communication 

Table 2 
Communication overhead for selected range mappers on read-
after-write dependencies. 
 Range Mapper Combinations  Communication Overhead 𝜌
 Write → Read  Marconi-100  JUWELS
 all → all  0.986  0.874
 one-to-one → all  0.922  0.983
 one-to-one → slice x  0.863  0.999
 …
 one-to-one → slice y  0.117  0.018
 all → neighborhood 3x3  0.113  0.024
 neighborhood 3x3 → neighbor. 3x3  0.012  0.017
 one-to-one → neighborhood 3x3  0.012  0.018
 …
 all → one-to-one  0.001  0.025
 one-to-one → one-to-one  0.001  0.014

overhead is calculated and normalized in [0, 1], where 0 means no data 
movement and 1 represents the maximum communication overhead.

Table 2 shows the factors of communication overhead 𝜌 for rele-
vant combinations of range mappers on both target systems. In the 
case of one-to-one → one-to-one dependencies, the overhead is neg-
ligible in both systems. Typical stencil transitions from one-to-one to
neighborhood have a slightly larger overhead. Column- and row-wise 
combinations require more communication, while those including the
all range mapper are the worst.

The final heuristic considers the communication overhead 𝜌 as a 
penalty. Given 𝜌1, …, 𝜌𝑀  overheads for 𝑀 data dependencies, the fi-
nal prediction function is defined as

𝑔(𝜏) = max
(

𝜌1,… , 𝜌𝑀
)

𝑁
∑

𝑖=0
𝑓 (𝑘𝑖)𝑤𝑖 (3)

In case of multiple dependencies, Eq. 3 only takes into account of the 
most communication-intensive range pattern combination. The heuristic 
already accounts for communication/computation overlapping, which 
also occurs in the range mapper benchmark used for the calculation of 
𝜌. Intuitively, our heuristic states that scalability is largely dependent 
on the communication bottleneck and applies a penalty 𝜌 accordingly. 
We are aware that this may not be accurate in all cases, and that some 
cases may require jointly normalising the communication overhead and 
compute overhead. However, we did not encounter a case requiring this 
in the two benchmark suites used throughout our evaluation, and must 
therefore leave this current limitation for future work.

In summary, a simple computation scenario involving a single task 
requires only single-task prediction. For a multi-task scenario where all 
tasks share the same range mapper, there is no data movement over-
head; in this case, the contribution from Eq. 3 is negligible, and Eq. 2 
can be used. However, for all other, more complex scenarios, the more 
accurate Eq. 3 is required, as it accounts for data movement overhead.

5.  Evaluation

We experimentally evaluated the single-task and multi-task appli-
cation models using different methodologies. This section provides an 
overview of the experimental setup (Section 5.1), an accuracy evalua-
tion of the single-task scalability model (Section 5.2), an analysis of the 
static code features (Section 5.3) and feature importance (5.4), and the 
accuracy evaluation of the multi-task model (5.5).

5.1.  Experimental setup

We performed our experiments on two large-scale compute clus-
ters: the JUWELS CPU cluster at Juelich Supercomputing Center and 
the Marconi-100 GPU cluster at CINECA. Where not explicitly stated, 
results refer to Marconi-100.

Marconi-100 nodes host 2x16 cores IBM POWER9 AC922 each at 
3.1GHz with 256 GB/node of RAM memory and 4 x NVIDIA Volta V100 
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Table 3 
Range mappers for read/write accessors and kernel information for 12 single-
task and 8 multi-task applications.

GPUs, Nvlink 2.0. The network is a Mellanox Infiniband EDR Dragon-
Fly+. We used the Adaptive C++ implementation of SYCL 1.2.1 [9] 
with a CUDA backend [14] and Celerity v0.2.1 running with IBM Spec-
trum MPI 10.3.1. We base our data on the median run time of 5 re-
peated runs. We repeat each experiment for two different input sizes for 
1, 2, 4,…64 GPUs (the maximum number of nodes allocatable on the de-
fault user production queue is 16). The baseline represents the parallel 
SYCL/Celerity code running on a single GPU.

JUWELS’ CPU batch partition consists of 2271 compute nodes with 
Dual Intel Xeon Platinum 8168 (2x 24 cores at 2.7GHz, 12x 8 GB at 
2666MHz) interconnected by an EDR-Infiniband (Connect-X4) network. 
We used Intel’s DPCPP implementation of SYCL 2020 [11] with a SPIR-
V target backend [15] and the newest Celerity v0.3.1 running with Intel 
MPI 2021.4.0.

Input sizes have been carefully chosen to conduct meaningful scala-
bility experiments for strong scaling across all benchmarks so that they 

Table 4 
Different error metrics for SVR, KNN, and RF. 
 Error metric  SVR  KNN  RF
 Mean squared error  25.30  12.40  11.40
 Mean squared log error  1.11  0.21  0.17
 Mean absolute percentage error  36.34  4.01  4.76

are neither too large to be reasonably executed on a single node, but at 
the same time sufficiently large to obtain meaningful results on a higher 
number of nodes.

Table 3 shows twelve single-task and eight multi-task applications 
used throughout our evaluation, as well as their input/output range 
mappers. They have been taken from two distinct sets of existing ap-
plication benchmarks: SYCL-Bench [27], which has been extended with 
Celerity annotations, and PolyBench [28], which has been ported to 
SYCL and extended with Celerity annotations2 , for a total of 30 unique 
kernels. Kernels from the multi-task benchmarks are also extracted and 
used as single-task benchmarks. Any kernel used in several multi-task 
benchmarks is only counted once towards that total, e.g., matmul.

5.2.  Single-task scalability predictions

We build the single-task model on a training set comprising of 30 
kernels (see Table 3) and trained the model on the features extracted 
from the static codes, extended with the runtime features including the 
size and the number of devices. Additionally, we reduced the feature 
dimensionality by using PCA with six components.

To check model generalization to an independent data set, we apply a 
leave-𝑝-out cross-validation, omitting 𝑝 samples from training and using 
these for testing. Specifically, we define 𝑝 to refer to all samples for one 
benchmark, with different input sizes and number of nodes such that, 
effectively, 𝑝 = 14. Omitting all samples for one benchmark from the 
training process as well as its associated feature set ensures that testing 
effectively happens on previously unseen code. We repeat the process for 
all benchmarks in order to cross-validate the results. The training data 
generation takes  1h while the training time is relatively small (e.g., 
<1sec for SVR).

Regression approaches. We evaluate the three modeling approaches by 
calculating aggregate error metrics on all tested combinations of cross-
validated codes, and with different input sizes and number of GPUs. The 
accuracy is reported with three different error metrics. Table 4 shows 
the mean squared error, mean squared log error, and mean absolute 
percentage error for SVR, KNN, and RF. The RF regression has the lowest 
error among the three models. The mean squared log error and mean 
absolute percentage error is only 0.17 and 4.76 for RF. KNN has similar 
accuracy as RF. SVR has the highest error.

Scalability details on selected kernels. Fig. 7 shows in detail the scala-
bility behaviour of four applications with two different input sizes on 
Marconi-100. They exhibit different scalability behaviour, from a very 
good (matmul and gemm), to moderate (sobel5 and sobel3). The model 
understands the difference between computationally intensive kernels 
(i.e., with better scalability), as compared to kernels with very little 
computation (i.e., modest or weak scalability). Thanks to the runtime 
features, the model correctly evaluates the impact of the input size, thus 
understanding which sizes lead to a drop in scalability. We observed a 
few prediction mismatches in the transition from 4 to 8 GPUs (contained 
in 1 and 2 nodes, respectively), for instance in sobel3 and sobel5 with 
size 81922. In this range, the scalability function exhibits a sudden drop 
because each node is equipped with 4 GPUs. While the effects of scal-
ing to more than one node is usually captured by the model, it fails 

2 Available at: https://github.com/bcosenza/celerity-bench
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Fig. 6. Task DAG with buffer’s range mapper information for three selected applications.

Fig. 7. Scalability of four selected single-task applications on Marconi-100 (speedup/number of GPUs).

Fig. 8. Scalability of four selected single-task applications on JUWELS (speedup/number of CPUs).

in these few cases. Distributing the computation across several nodes, 
which may be allocated in different groups or potentially different is-
lands in the DragonFly+ network, means that network traffic becomes 
an issue. As we ran our experiments on a live production system un-
der load, we experienced noticeable variability in the measurements ob-
tained. A recent study on the same cluster highlights the effects of such 
background traffic [29]. As such, any discrepancy between measured 
and predicted speedup may also be due to noise in the measurements, 
especially where the number of GPUs is larger than 4. Fig. 7 also shows 
the geometric mean (GM) of the measured and predicted speedup as an 
aggregate metric. Overall, we see that there is not a big difference be-
tween the GM of predicted and measured speedups. For example, gemm
has an overall measured speedup of 6.58 and a predicted speedup of 
6.82 for the 163842 size. We selected GM as it is the preferred metric for 
calculating the mean of ratios such as speedup. Moreover, it is always 
lower than or equal to the arithmetic mean and always higher than or 
equal to the harmonic mean and is thus often interpreted as the more 
honest mean [30].

Fig. 8 shows three selected codes on JUWELS, demonstrating model 
portability to a different target system.

5.3.  Static code feature analysis

Static code features distance analysis. To understand how the model 
learns from the 30 kernels in the training data, we analyzed how the 
static features extracted by those kernels are distributed and whether 
there are similarities between codes. Fig. 9 shows the distances in the 
feature space between different kernels. The distance has been com-
puted using the cosine similarity metric. Distance values are in [0, 1], 
darker means distance close to zero.

The analysis shows several kernel clusters, which means that for each 
kernel there is at least one other similar kernel in feature space.

Loop heuristics. The benchmarks exhibit a variety of loop structures, 
which affects static feature extraction. Of the 30 kernels, 4 kernels have 
statically known loop bounds (median and the three sobel variants). 
Our analysis uses this static trip count to correctly weigh features in-
side the loop body. 13 kernels have dynamically-sized loops with a de-
pendency on the problem size. For the problem sizes used in our ex-
periments, we found that the majority of loops typically had 8K-64M 
iterations in single or double-loop nests.
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Fig. 9. Pairwise static feature cosine similarity among the 30 kernels used for 
the single-kernel model. Distance values are in [0, 1]. Darker means distance 
close to zero.

Table 5 
Top five features using greedy selection. 
 Rank  Feature  Score loss
 1  number of processors (runtime)  0.5504
 2  input size (runtime)  0.6020
 3  load instructions (static)  0.6023
 4  f32.addsub (static)  0.6026
 5  input buffers (static)  0.6026
 Full model  0.9734

5.4.  Feature importance analysis

Given our scalability prediction model, we generate insight into what 
features are the most important for an accurate prediction. For this pur-
pose, we used a greedy feature selection algorithm that ranks the feature 
set based on the accuracy of the prediction model. The algorithm starts 
with the full feature set and iteratively selects the feature that produces 
the largest model error when the model is trained without that feature. 
This selects the single best feature of the model. In the next iteration, the 
algorithm selects a second feature, which, combined with those already 
selected, produces the largest model error for a model trained with two 
features. The algorithm then continues selecting features until a given 
number. We chose as error metric the model’s score, which is the 𝑅2

coefficient. Table 5 shows the top-ranked features using greedy forward 
selection.

In related work [6], only input features such as data set size and 
processor grid dimensions are considered (i.e., our runtime features). 
To investigate whether our extended feature set made of both static 
and dynamic features is a better application characterization for mod-
eling, we tested our model with static-only and runtime-only features. 
With static-only features, we get a per-application constant model that 
has 8.5 MAPE for RF, which means a 1.8× decrease in accuracy. 
With runtime-only features, we get an input-dependent but application-
unaware model that has 39.1 MAPE for RF, which means a 8.2× de-
crease in accuracy. Our model uses static and runtime features resulting 
in better accuracy.

5.5.  Multi-Task scalability predictions

We employ our previous findings to develop and evaluate a model-
ing approach for predicting multi-task scalability. Fig. 10 compares the 
measured speedup with the predicted speedup using both the simpler 
model in Eq. 2 and the communication-aware formulation in Eq. 3. The 
figure also shows the GM of both the measured and predicted speedups. 
We show results for five multi-task applications, sorted by scalability, 
including applications that both have good and bad scaling behaviour. 
For the measured speedup, each experiment was repeated five times, 
and we reported the median.

Results show that, for applications with both high (e.g., syrk) and 
low scalability (e.g., fdtd2d) which are mostly limited by the single-
kernel scaling rather than communication, the simple model is already 
good. However, applications like matmulchain require a more accu-
rate communication-aware model. Overall, our communication-aware 
model accurately predicts the scalability of all five tested applications 
for the two input sizes. We observe a decrease in the MAPE from 0.91 
to 0.82 while using the communication-aware model. Additionally, the 
model correctly understands when an application exhibits poor scala-
bility due to smaller problem sizes.

6.  Related Work

Scalability Prediction. Scalability modeling is a special case of perfor-
mance modeling. Table 6 summarizes the most relevant state-of-the-art 
work on scalability prediction. Barnes et al. [6] extrapolate scalabil-
ity for a known program on a multi-core cluster using a regression-
based prediction mechanism based entirely on run-time features. PE-
MOGEN [7] applies a profiling-based approach to automatically gener-
ate performance models during run-time, and can effectively interpo-
late and extrapolate scalability for a known program. The LLVM-based 
compilation and modeling framework uses LASSO regression on a set 
of features extracted from automatically identified kernels. The authors 
extend their work by supporting combinations of static and dynamic 
analyses and investigating reducing the model search space [31]. Sca-
Analyzer [5] is a tool that pinpoints scaling losses due to poor memory 
access ESTIMA [5] extrapolates the scalability of known programs on a 
multi-core system. The presented profiling-based approach is interest-
ingly based on stall cycles. In contrast, we aim to predict scalability for 
an unseen application where training is required once per system rather 
than per application, and where execution data of the application is not 
required.

Seminal theoretical work by Grama et al. [1] introduces the isoef-
ficiency model to analytically reason about extrapolating scalability by 
modeling e.g., the degree of concurrency. Coarfa et al.[32] presented a 
top-down scalability analysis tool combining path profiles and expecta-
tions to discover poor scaling behaviors. Hoefler and Kwasniewski [33] 
presented an automatic method to symbolically count loop iterations 
and derive parallel work and depth from the loop count models. 
Schudler et al. [34] introduced an automated testing procedure to vali-
date the asymptotic scaling trends of parallel libraries. Grain graphs [35] 
is an OpenMP performance analysis method that highlights problems 
such as low parallelism, work inflation, and poor parallelization bene-
fit. Performance-detective [36] analyses parameter interactions to de-
duce an optimized, minimal experiment design and is orthogonal to 
the applied performance modeling approach. ScalAna [37] introduces 
compiler and runtime lightweight techniques to generate a performance 
graph and perform a graph analysis algorithm to detect the root cause 
of scaling issues. Arndt et al. [38] introduced a statistical model that, 
given the scalability of a given benchmark/platform, predicts the per-
formance on different benchmarks/platforms by using distance metrics 
and interpolation. The sample-based strategy has been used by Wei and 
Mellor-Crummey [39] for the diagnosis of scalability losses; their frame-
work analyzes sample-based time series data to diagnose scalability 
losses in parallel executions. In contrast to profiling-based related work, 
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Table 6 
Comparison to state-of-the-art scalability prediction approaches. 

 Model input  Model re-use  Target  Comm. modeling  Prediction for
 Barnes et al. [6]  runtime features  per application  multi-core cluster  critical path on MPI tasks  scaling extrapolation
 PEMOGEN [7]  profiling + instrumentation  per application  multi-core cluster  implicit  analysed application
 ESTIMA [5]  stall cycles  per application  multicore  limited to NUMA  scaling extrapolation
 ScaAnalyzer [3]  lightweight profiling  per application  multicore  limited to NUMA  analysed application
 Choi et al. [41]  profiling roofline+MPI traces  per application  cluster of GPUs  MPI traces  analysed application
 This work  static + runtime features, CDAG  per system  cluster of CPUs, cluster of GPUs  range mappers CDAG  unknown application

Fig. 10. Predicted versus measured speedup of multi-task applications with two sizes (speedup/GPUs).

our per-kernel prediction model is based on a combination of static fea-
tures extracted by a compiler and dynamic ones, extracted by a runtime
system.

The machine learning techniques used in this article are commonly 
applied in cases where the sample data set is of a containable size. As an 
example, Braun et al. [23] use random forest trained on code features to 
predict execution times on a single GPU, whereas our goal is to predict 
a normalised speedup on a cluster, as the number of GPUs changes. The 
authors also provide a careful review of a large body of work similar 
to theirs. Cummins et al. [40] apply gated-graph neural networks to 
a graphical program representation (ProGraML) which can model data 
dependencies; however, in our case, the feature representation focuses 
on identifying what major factors affect the scalability such as compute 
vs. memory boundness and data movement; as such, we do not require 
this more sophisticated representation.

Communications Modeling. Barnes et al. [6] analyse several methods for 
communication modeling, of which critical-path MPI communication 
modeling is the most complex method investigated. It poses an inter-
esting contrast to the black-box approach they propose for modeling 
computation (see discussion above). PEMOGEN [7] has implicit com-
munication modeling. This is also the case for ESTIMA [5], where it is 
implied by stall cycles, but limited to one NUMA domain. More recently, 
Choi et al. [41] presented a prediction framework for clusters of GPUs, 
which combines a profiling-based roofline model for GPU kernels and a 
trace-driven simulation for MPI communications. In contrast, our work 
relies on an execution model that is more restrictive than generic MPI ap-
plications (i.e., data transfers are precisely described by range mappers) 
and simplifies communications modeling. Alternatively, our approach 
potentially applies to generic MPI applications if there is a way to iden-
tify communication patterns, e.g., using static dataflow analysis [42], 
collective identifications [43] and frameworks such as ParFuse [44].

7.  Conclusions

We presented an approach for predicting the scalability of parallel 
applications written in SYCL/Celerity for compute clusters. The pre-
dictive framework integrates a task-based distributed runtime system 
and compiler to collect accurate information regarding the applications 
to be predicted. The modeling approach is based on machine learning 
for single-task applications, which is extended using CDAG heuristics 
for more complex multi-task applications. After a deployment phase in 
which setup and model training are performed, the resulting per-system 
model can be reused to predict the scalability of any new, previously 
unseen application. The approach has been validated on two large-scale 
high-performance computing clusters, JUWELS and Marconi-100. Re-
sults show that the approach is portable and accurately predicts the scal-
ability of single- and multi-task applications on both target computing 
systems.

Limitations. For single-task prediction, the approach can be applied 
to any heterogeneous programming model, provided the compiler 
toolchain can be instrumented to extract both static code features and 
dynamic features, which are then used for machine learning-based pre-
diction. In contrast, for multi-task prediction, the method requires an ex-
plicit representation of the computation DAG (e.g., tracking data depen-
dencies), as well as mechanisms to automatically partition and transfer 
data across devices. In our work, we leverage Celerity for this purpose; 
in principle, the same technique can be applied to other programming 
models with a distributed runtime and knowledge of dependency struc-
tures, such as Legion or OmPSs.

Future work. In future work, we will deploy our scalability tool as a 
shared module across all clusters at CINECA and JSC, thereby providing 
users with a tool to make the most efficient use of computational re-
sources so as to avoid over-allocation. Alternatively, the runtime could 
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also decide to use allocated resources differently and introduce task par-
allelism guided by scalability predictions, for instance where it is ex-
pected that a given task does not scale efficiently across all allocated 
nodes. This would require deeper integration of the runtime and the 
prediction model and must be left for future work. While our approach 
allows us to model systems without the use of hardware or network 
features, it would be interesting to explore the addition of hardware 
features in combination with transfer learning, making not just the ap-
proach but the trained model itself portable. We plan to extend our ex-
perimental evaluation to include two larger benchmarks, CloverLeaf and 
MiniWeather.
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