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ABSTRACT

Recent advances in virtualization technologies used in cloud computing offer performance that closely ap-
proaches bare-metal levels. Combined with specialized instance types and high-speed networking services for
cluster computing, cloud platforms have become a compelling option for high-performance computing (HPC).
However, most current batch job schedulers in HPC systems are designed for homogeneous clusters and make
dedisions based on limited information about jobs and system status Scientists typically submit computa tional
jobs to these schedulers with a requested runtime that is often over- or under-estimated. More accurate runtime
predictions can help schedulers make better decisions and reduce job turnaround times. They can also support
decisions about migrating jobs to the cloud to avoid long queue wait times in HPC systems.

In this study, we design neural network models to predict the runtime and resource utilization of jobs on
integrated cloud and HPC systems. We developed two monitoring strategies to collect job and system resoure
utilization data using a workload management system and a cloud monitoring service. We evaluated our models
on two Department of Energy (DOE) HPC systems and Amazon Web Services (AWS). Our results show that we
can predict the runtime of a job with 31-41% mean absolute percentage error (MAPE), 14-17 seconds mean
absolute value error (MAE), and 0.99 R-squared (R?) score. Having an MAE of less than a minute corresponds to

100 % accuracy since the requested time for batch jobs is always specified in hours and /or minutes.

1. Introduction

Current batch schedulers in HPC systems typically make job schedul-
ing decisions based on user-requested runtimes and basic system load
information (e.g., number of available nodes). However, user-provided
runtime estimates are often inaccurate, and limited information is avail-
able regarding a job's 1/0 behavior at submission time. When users
overestimate runtimes, schedulers may allocate resources inefficiendy,
making suboptimal decisions compared to scenarios with accurate run-
time data. Underestimations can be even more problematic, leading to
wasted system resources and user time. In contrast, a scheduler capable
of accurately predicting a job's actual runtime and I/0 load can make
significantly more optimized decisions. One recent study employs con-
volutional neural networks (CNNs) o analyze job script data and the
system's current disk 1/0 load w predict actual job runtimes [1]. The
goal is to enable intelligent co-scheduling while avoiding disk I/0 con-
tention. However, the proposed model is limited to homogeneous HPC
systems and only considers disk 1/0 metries for load estimation.

* Correspanding authar.

Another study [2] introduces a reinforcement learning-based sched-
uler that adapts to environmental changes, such as shifts in workload
characteristics. The model leverages data from scheduler logs-including
submit time, wait time, requested runtime, and number of compute
nodes or (PU cores. However, the only system load metric considered is
the number of available nodes, and 1/0 contention is not addressed. This
model s also designed solely for homogeneous systems. Similarly, the
study in [3] applies reinforcement leaming to support scheduling de-
cisions for both immediate and reserved job executions, incorporating
backfilling to improve resource utilization. It estimates node availabil-
ity to reserve resources for long-running, high-priority jobs, yet remains
limited to homogeneous system configurations.

One of the key gaps in the current literature is that models leverag-
ing Artificial Intelligence (AI) techniques—such as reinforcement learn-
ing and neural networks—for intelligent scheduling or nintime predic-
tionare designed exclusively for homogeneous systems. A homogeneous
system consists of identical processing cores and a uniform architec-

ture. In contrast, a heterogeneous system incorporates multiple types of
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processing cores. An integrated system extends this further by combin-
ing multiple distinct systems, which may differ in interconnects, storage
architectures, and hardware components, but operate under a unified or
compatible software environment. Furthermore, HPC systems operate
under numerous allocation constraints—for example, not all resources
are available for every allocation type. Accurate job runtime predic-
tion is critical due to the presence of multiple job queues (e.g, small,
medium, large), and misclassification can lead to premature job termi-
nation. These limitations are typically absent in cloud environments,
where users can configure systems to meet specific requirements, and
once deployed, operate without such restrictions.

On the other hand, HPC systems often feature cutting-edge proces-
sors, high-speed networks, and advanced storage architectures, which
can offer significant advantages, particularly for highly parallel or 1/0-
intensive workloads, Moreover, the software ecosystems—such as job
schedulers and file systems—differ significantly between HPC and cloud
environments, with HPC platforms generally being more mature in this
regard. Nevertheless, if we invest in developing intelligent workload
management systems tailored for cloud platforms, there is little to pre-
vent HPC centers from transiioning to predominantly cloud-based in-
frastructures,

Models that account for heterogeneous or integrated distributed sys-
tems (e.g., HPC and cloud platforms) can support the development of
more adaptable schedulers and facilitate seamless job migration from
HPC systems to cloud environments, thereby improving overall effi-
ciency. Moreover, collecting a broader set of system-level metrics dur-
ing workload execution can significantly enhance the accuracy of pre-
dicted values such as job runtime or system 1/0 load. In a recent study
[4], a multivariate time series model based on neural networks was em-
ployed to predict data transfer throughput in cloud networks, achieving
an error rate of just 3.7 %. The model utilized multiple system metrics—
including CPU utilization, network 1/0 rate, and disk I/0 rate-gathered
from various cloud components. Thisapproach outperformed traditional
univariate models, demonstrating the value of using multivariate system
utilization data to improve the predictive accuracy of cloud resource
performance models.

Artificial neural networks (ANNs) have a well-established theoreti-
cal justification for modeling complex non-linear relationships: Hornik
et al. [5] showed that even shallow multilayer feedforward networks
are universal function approximators, capable of capturing arbitrarily
complex mappings across inputs and outputs. As time passed, several al-
gorithms were proposed to train these networks better [6]. In this study,
we designed an artificial neural network model to predict the runtime
and resource utilization of a job or a bag of tasks on integrated cloud
and HPC systems. The model takes as input the nuntime of the job/task
on either system, along with load information from both systems. This
enables accurate decision-making regarding job migration—specifically,
whether moving a job from a congested HPC system 1o a cloud platform
can reduce waiting time—and helps estimate the cost of executing the job
on the alternative system, particularly when using a commercial cloud
provider.

To create representative workloads, we used a combination of bench-
mark suites and real-world applicaions modeled after those typically
executed on HPC systems in national laboratories, where the latest su-
percomputing technologies are deployed. The workloads were gener-
ated using a randomized program we developed, and executed on both
HPC and cloud platforms under varying parameters (e.g., number of
CPUs/GPUs, threads, nodes, and application-specific settings). During
execution, we collected metrics related o jobs/tasks and system utiliza-
tion. The neural network model was trained using this dataset to predict
runtime and resource utilization .

Our model achieved nmtime prediction on the cloud system with a
MAPE of 31-41%, a MAE of 14-17 seconds (Le., under one minute),
and an R? score of 0.99. Additionally, we predicted CPU utilization on
the cloud system with 2.4-2.7 % MAE and an R? score of 0.95, and GPU

PFuture Generation Computer Systems 176 (2026) 106230

utilization on the HPC system with 0.075-0.089% MAE and an R? score
of 0.99. The contributions of this work include:

+ A workload generator architecture capable of creating randomized
workloads with diverse characteristics, submitting them to target
systems, and monitoring and measuring system resource utilization
of jobs and tasks,

* A unique time series dataset capturing resource utilization and sys-
tem load metrics for jobs and tasks executed across multiple HPC
and cloud platforms.

+ A neural network model that accurately predicts the runtime and
resource utilization of a job on a second system, given its runtime on
the first system and the load information from both environments.

The rest of the paper is organized as follows: Section 2 describes the
architecture of the workload generator and the data collection methods;
Section 3 introduces the prediction model; Section 4 outlines the ex-
perimental methodologies and presents the results; Section 5 compares
related work; and Section 6 concludes the paper.

2. Workload generator architecture
2.1. Workbad design

A workload refers to a collection (or bag) of related or unrelated
jobs/tasks, each with specific application characteristics. In HPC sys-
tems, administrators often adjust the configuration or behavior of the
batch job scheduler in response to shifts in the types and patterns of
jobs submitted over time. The first goal of this study was to develop a
method for generating workloads that reflect the day-to-day usage pat-
terns observed in DOE HPC systems, which typically feature hybrid ar-
chitectures incorporating both CPUs and GPUs. Prior studies have gener-
ally taken one of two approaches: either simulating workload execution
[1], or using historical workload logs in experimental evaluations [2].
The simulation-based approach offers flexibility in configuring system
parameters, but it struggles to realistically capture the behavior and im-
pact of real-world workloads on system load. Conversely, log-based ap-
proaches provide data grounded in actual usage, but the available met-
rics are limited and often insufficient to comprehensively model system
and job-level dynamics.

When designing a model for use across multiple systems with dif-
fering architectures and characteristics, it is essential to replicate tests
under controlled conditions on each system. In our study, we executed
the designed workloads—comprising both benchmarks and real-world
applications-on HPC and cloud platforms using varied parameter set-
tings (e.g, parallelism level, job arrival time, job type such as long-
running vs. short-running, and problem size). This variability in con-
figuration introduces diversity into the input data fed to the neural
network model, which improves the model's ability to generalize and
increases prediction accuracy. To achieve this, we incorporated a selec-
tion of benchmarks from the NAS Parallel Benchmarks suite [7], as well
as machine leaming applications such as image classification tasks [4],
which target GPU-based architectures using TensorFlow [9].

2.1.1. Benchmarks

The selected benchmarks include suites that scale efficientdy using
the MPI [10] and OpenMP [11] programming paradigms, and utlize
a range of HPC system resources, such as CPU, memory, and disk 1/0.
We chose a subset of the NAS Parallel Benchmarks (NPB) suite based on
the architectural and performance requirements of the HPC and cloud
systems used in this study.

The NAS Parallel Benchmarks are a set of compact problems derived
from computational fluid dynamics (CFD) applications and are designed
to evaluate the performance of parallel supercomputers. The original
suite consists of five computational kernels and pseudo-applications,
which are available in both MPI and/or OpenMP implementations:
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Fig. 2. RP components and management processes for the workload execution.

Five kernels:

« IS - Integer Sort, random memory access, OpenMP, MPI

« EP - Embarrassingly Parallel, OpenMP, MPI

* CG - Conjugate Gradient, irregular memory access and communica-
tion, OpenMP, MPI

* MG - Multi-Grid on a sequence of meshes, long- and short-distance
communication, memory intensive, OpenMP, MP1

* FT - discrete 3D fast Fourier Transform, all-to-all communication,
OpenMP, MPI

Three pseudo applications:

« BT - Block Tri-diagonal solver, OpenMP, MPI
» SP - Scalar Penta-diagonal solver, OpenMP, MPI
s LU - Lower-Upper Gauss-Seidel solver, OpenMP, MPI

Benchmarks for unstructured computation, parallel I/0, and data move-
ment:

« UA - Unstructured Adaptive mesh, dynamic and irregular memory
access, OpenMP

We also included the 3 benchmarks from the multizone suites (NPB-MZ)
to test hybrid MPI + OpenMP cases:

+ BT-MZ - Block Tri-diagonal solver, uneven-size zones within a prob-
lem class, increased number of zones as problem class grows

« SP-MZ - Scalar Penta-diagonal solver, even-size zones within a prob-
lem class, increased number of zones as problem class grows

both HPC and cloud systems. Additionally, some applications impose
specific constraints on the number of parallel tasks, such as requiring a
perfect square or a power of two, which were taken into account during

workload configuration,

2.1.2. Image classification with tensorflow/keras

As deep learning (DL) workloads increasingly appear in HPC envi-
ronments, their unique characteristics introduce new challenges for sys-
tem performance and resource management [12]. To reflect this emerg-
ing trend, we selected an image classification task designed to run on
both CPUs and GPUs [8], and modified it to support experimentation
with various parameters, such as batch size, dataset size, and number
of raining epochs. The application utilizes the 786 MB Kaggle Cats vs.
Dogs dataset [13] and implements a binary classification model based
on the Xception architecture [14]. To explore the impact of input size
on performance and resource utilization, we partitioned the dataset into
three categories: small, medium, and large. The original dataset serves
as the large category, while the other two were generated by halving the
number of image files sequentially. The batch size was reated as a tun-
able parameter to accommodate varying memory capacities across sys-
tems. Similarly, increasing the number of epochs extended the runtime
but improved model accuracy. To leverage thread-level parallelism and
utilize multiple GPUs per node, we incorporated TensorFlow’s Mirrored-
Strategy. However, we excluded the use of MuktiWorkerMirroredSerategy
due to its incompatibility with CPU-only architectures operating under
the Shurm job scheduler [15].

2.2 Resource monitoring and metric collection

We believe that the most effective way to learn the characteristics
of a worlload-such as its runtime on a given system-is by analyzing
its system resource usage (e.g, (PU utilization, bytes transmitted and
received across all network interfaces, etc.).

Before designing our own metric collection system, we examined ex-
isting workload archives in the literature [16-18] and found that none
of them adequately addressed the problem we aim to solve. The Par-
allel Workload Archive [16], for example, only provides information
on requested resources such as the number of CPUs and memory size,
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Fig. 4. Workload dataset format.

while actual job-level resource usage is missing from most datasets. Ad-
ditionally, the archive does not allow for the identification of the same
job executed under different configurations, as each job instance is as-
sociated with a unique ID. However, job identification across systems
and settings is essential for training neural network models to predict
runtime and resource utilization on multiple platforms. A similar lim-
itation is present in the Google Cluster Data archive [17], where job
tracking across different platforms and settings is not possible. We also
considered the Grid Workloads Archive [18], but the dataset is no longer
available. Given these limitations, we developed a new metric coll ection
system capable of producing time series resource usage data, while en-
abling consistent job identification across HPC and cloud systems.

Pilot [19] and AWS CloudWatch [20].

RADICAL-Pilot (RP) is a pilot-based system written in Python and
specialized in executing applications composed of many heterogeneous
computational tasks on HPC platforms. Asa Pilot system, RP separates
resource acquisition from using those resources o execute application
tasks. Resources are acquired by subminting a job to the batch system
of an HPC machine. Once the job is launched on the requested re-
sources, RP can directly schedule and launch application tasks on those
resources. Thus, tasks are not scheduled via the batch system of the HPC
platform, but direclly on the acquired resources with the maximum de-
gree of concurrency they afford. CloudWatch is the monitoring service
provided by AWS and it can provide different monitoring metrics for the
services used in the cloud with a default 5-minute interval,

To mimic the day-to-day workloads of DOE Leadership Computing
Facilities (LCFs), we designed a randomized workload generator using
RP and AWS CloudWatch, implemented on two different system archi-
tectures. Fig. 1 illustrates the steps of the first architecture for work-
load generation and metric collection, annotated with yellow circled
numbers. At the core of this design are the Task Submitter and RP. In
Step 1, the Task Submitter invokes the Task Pooler to generate a pool
of task descriptions. These are based on configuration parameters tai-
lored to different workload types. For instance, to generate a workload
with large tasks, the configuration includes Class D NAS benchmarks
and image classification tasks with large epoch counts or large dataset
sizes. In Step 2, the Task Pooler uses this configuration file w generate
task descriptions by enumerating all possible parameter combinations
and returns the task pool to the Task Submitter (Step 3). In Steps 4
and 5, the Task Submitter randomly selects a user-defined number of
tasks and submits them to RP. Simultaneously, it defines an RP service
task for monitoring system resources, including CPU, memory, network,
and disk usage. Because of job scheduler restrictions, GPU monitoring
is added separately as a thread within the GPU-using application, This
is necessary because GPUs can only be monitored if they are explic-
itly allocated to a task, and service tasks are not permitted to consume
significant system resources. RP then executes both the application and
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service tasks, while storing logs in separate files (Steps 6 and 7). Once the
applicaton tasks complete, the service tasks are terminated, and control
is returned to the Task Submitter (Step 8). The Task Submitter then uses
metrics withgpupy to process the monitoring logs (Steps 9, 10, and 11)
and writes the results into two JavaSeript Object Notation (JSON) files:
one for workload-level metrics and one for system load data (Step 12).
The JSON file format is described in Section 2.3,

The metrics collected from the HPC and eloud systems using this ar-
chitecture include CPU and GPU utilization, memory utilization, num-
ber of bytes transmitted and received across all network interfaces, and
number of bytes read from or written to disk. To support this, we devel-
oped a multi-threaded monitoring application using a combination of
available Nvidia, Limux, and Python tools and libraries. After evaluating
several options, we selected the following tools for data collection: net-

stat, iostat, collect, free, nvidia-smi, and Python's psutil library. All metrics
are recorded as ime series data o enable fine-grained temporal analysis
of resource utilizatdon.

Measuring CPU Utlization: Although there are other tools available
that can report CPU utilization as a percentage (e.g., vmstat, top), we pre-
ferred using Python libraries whenever possible, as the workload gener-
ator is implemented in Python. This approach also minimizes discrep-
ancies that may arise due to vardations in tool outputs across different
systems, The psutil library was chosen to measure CPU utilization at
fixed intervals. Specifically, we collect utilization data from the past 1
second, then pause for 4 seconds o complete a 5-second monitoring
interval. Each data point is logged with an attached timestamp.

Measuring GPU Utlization: On cluster nodes equipped with GPUs, the
mvidia-smi tool can be used © access GPU information; however, itonly
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Fig. 7. Mixed workload configuration.

provides output if the GPUs are allocated. Allocating GPUs solely for
monitoring purposes would prevent them from being used by the appli-
cation tasks. To address this limitation, we implemented a monitoring
thread within each GPU-using application task. This thread parses the
output of mvidio-smi and writes it to the RP task logs, accompanied by
timestamps.

Measuring Memory Utilization: This metric, like CPU and GPU utiliza-
tion, is measured as a percentage and indiecates the proportion of mem-
ory bytes currently in use. The memory utilization monitoring thread
invokes the free tool, parses its output, and logs the results along with
a timestamp. The thread then sleeps for 5 seconds before repeating the
process.

Measuring Network In/Out: These two metrics describe the number
of bytes received and transmitted on all network interfaces of a node.
Measuring this metric proved to be one of the most challenging tasks,
as different systems offered different toolsets. Initially, we used fsoar,
which was available on most systems. However, during our tests, we ob-
served that ifstat produced implausibly large values, particularly when
CPU utilization reached 100%. As a result, we replaced it with netstar
and calculated the bytes received /transmitted by multiplying the num-
ber of packets by the maximum transmission unit (MTU) size. Unfortu-
nately, netstat only reports cumulative values. To obtain measurements
in5-second intervals, we invoked the tool both before and after the sleep
interval and computed the difference between the two readings. On sys-
tems where netstat was unavailable, we employed an alternative tool,
collecd.

Measuring Disk Read/Write: These two metrics describe the number of
bytes read from and written to disk by 1/0 calls to the operating system.
The iostat tool is available on both Cloud and HPC systems and offers
options to report average values over the past n seconds and for a spec-
ified number of readings. We observed that when using these options,
the first reading always remained constant, with changes appearing only
in subsequent outputs. To address this, we configured the tool to per-
form two readings and discarded the first. The parsed metrics were then
written to the log file along with a imestamp.

We created a service task description for the monitoring applica-
tion (monitor threaded.py) and attached it to the RP pilot description
of the workload application. RP allocated a single core to the ser-
vice task on each node (the green task in Fig. 2) and launched it
across all nodes in the allocation. Since the service task is bound to
a CPU core by default, the monitoring application's threads run on a
single core, thereby awiding unnecessary system resource consump-
tion. The remaining resources are reserved for regular workload tasks.
While the tasks execute, the monitoring threads measure system re-
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source utilization and write the data to log files. Task-level metrics
such as start time, finish time, and the list of assigned nodes are col-
lected from RP’s client and agent logs, whereas system utilization met-
rics are extracted from the per-node log files written by the monitor-
ing service tasks. The code for the workload generator is available in
our GitHub repository [21], with system-specific configuration varia-
tions. The workload generator can also be extended o support applica-
tions beyond the NAS benchmarks and the Image Classification work-
load by supplying the appropriate task descriptions and configuration
parameters.

Fig. 3 shows the second architecture, where we utilize the un-
derlying batch job scheduler (SLURM [15]) to schedule tasks and
AWS CloudWatch to monitor resource utilization. This architecture
is specific to the AWS Cloud, whereas the first architecture is
applicable to both cloud and HPC systems. Similar to the first archi-
tecture, the Task Submitter invokes the Task Pooler to generate a com-
prehensive pool of task descriptions based on configuration parame-
ters taflored to various workload types. However, in Step 5, instead
of submitting tasks to RP, the Task Submitter submits them to the
SLURM scheduler for execution. Once all jobs in the queue have com-
pleted and the logs are written (Step 6), the process moves to Step 7,
where SLURM logs are retrieved. For this architecture, a primary fo-
cus is placed on extracting relevant job status information from the
slumctd.log file generated by the SLURM scheduler on an AWS Par-
allelCluster. This log file contains key details about job scheduling and
execution, including job start and completion times, job IDs, node allo-
cations, and other status metrics. The metric collection process begins
by parsing the slumcdd. log file. By extracting these details, we can accu-
rately determine the duration and performance characteristics of each
job.

Using the parsed start and stop times of jobs in Step 7, the Task
Submitter invokes a series of functions through the boto3 library to query
the CloudWatch service for specific performance metrics during the job
execution period (Steps 8 & 9). The primary metrics collected include
network, CPU, and storage-related statistics:

o CPU utilization: Time series data representing the average CPU uti-
lization (in percentage) over a specific interval (e.g., 1-minute or
5-minute intervals, as provided by CloudWatch). This metric is col-
lected from all compute node instances.

s Network In/Out: Time series data showing the awerage number of
bytes received and sent by each compute node instance.

« Volume Write/Read Bytes: Time series data representing the average
number of bytes written W or read from the Elastic Block Storage
(EBS) volumes attached to the compute nodes.

Unfortunately, memory utilization data is only available for the head
node in CloudWatch. As a result, we were unable to collect memory
metrics for the compute nodes.

Overall, this systematic approach to metric collection enables a com-
prehensive analysis of job performance, offering insights into network
activity, CPU utilization, and storage 1/0 operations. Finally, in Step 10,
the collected data is formatted into two JSON files, following the same
structure as in the first architecture.

2.3. Dataset formar

The metrics collected from cloud and HPC systems are unified us-
ing the JSON data format for ease of use and analysis. We define two
data formats: (1) workloads and (2) system load. The workloads format
is designed to represent workload characteristics such as task submit
time, start time, finish time, number of CPUs/GPUs requested, and the
resource utilization of the nodes on which each task is executed. Fig. 4
shows an excerpt from a workloads. json file collected from an AWS Par-
allelCluster composed of cha8xarge instances, each equipped with 32
vCPUs. The utlization data is parsed from the system node logs gener-
ated by our workload generator architecture during the time window



E Yildirim etal. PFuture Generation Computer Systems 176 (2026) 1068250

K22 Oluster - Runtime vs. Werkload Type 1C2 Cluster - #CPUs ws. Workload Type IC2 Chuster - #GPUs vs. Workload Type
o 41 a o a
150
e
3
100 8 250 M
‘5 g g z32 e o o
5 = 40 &
501
20 1 Q = Q
J 2 A L s , ,
g b b @“'&d b
4
Warkload Type Werkload Typa Workload Typa
Polaris Cluster - Rurtime vs. Waorkdcad Type Polaris Clustar - #0PUS vs. Workioad Type Polaris Cluster - #GPUS ws. Workload Type
] 300 =3 a =] -] Q
20 g c o g
o o 250 L] 8 g 5
o] 200 o .
E é 150 52
g1 i e s e g
100
51 b
tapld [j " & & &
o ol - ol — L1
b ; ot
@’**sas‘“&«ﬂ*‘“_ﬂﬁ:f e‘#*ﬁ a"’ﬁiﬁ’ec‘,«#ﬂ 4“#‘;@&“ «é""b*ﬁ’“’ee‘.ﬂ‘“
Warkload Type Werkload Type Workload Type
AWS Chaster - Runtime ws, Workload Type AWS Cluster - #CPUs v, Warkload Type AWS Cluster - #GPUs ve. Waorkload Type
120 e o
w 8 004
100 Q =]
. 150 L o o 0.02 4
£
¥ 100 ° ] E w c o 0 g 0.00
= - a L=} T -
=0.02 1
50 -] ] T
o
=004
o] = 2 O & D . % L"J
4&,& ‘}'p o . ‘#’Fyl d“"‘b p d&‘a\" ﬁ“ﬂ " 0\@*6« ‘ww-"’ 4(@” . #;C" ﬁ‘“,r.é J}tﬁ-‘
Warklnad Type Werkload Type Worklnad Frpe
Fig. 8. Workload statistics.
Runtime - MLP Model - IC2 - WS CPU Utdization - MLP Model - IC2-=AWS w GPL Uthization - MLP Model - AWS.>IC2
e "_."’ - -.”__’_.-
e * a1
= e Em i e
g om0 __‘,- E 5. L
i e - . E
s 4000 - £ = Vi
..-f E ? 704 ‘."
4 I
E w00 /_.I i :
£ o A 3 . Eln
1030
a
o e
0 100 2000 03 ADO)  S000  econ Mol P ) P P i 0 10 & %0 P 50
Actusl Runtimelsecy] Actusl TP tltmation (%) dechaml GPU Utiliraton (%]
(@) (b) (c)
Fig. 9. Prediction results using RP monitoring logs - system 1: IC2 - System 2: AWS PC L
Runtime - MLP Model - Pelaris -= AWS CPU Utilization - MUP Model - Polaris-=AWS - GFU Utlization - MLF Model - AWS->Polaris
7008 100 ;/’
008 ,-'E.!D K /._‘,
- e Y z e
£2o g ix ~
é«m - - g% g s
o~ £ E) ~
E 3000 S 2 40 % vd
? 2002 P -~ E g 10
0
1003 -
a o
® ] "
a 1030 2000 000 4200 030 4000 O30 1] 1a M b1 40 %0
ANl Runtime | secs) Actual CPU Ltikration (%) dallial GPU LRk zation (51

(@) (b) (c)
Fig. 10. Prediction results using RP monitoring logs - system 1: polaris - system 2: AWS PC 1.

7



E Yildirim et al.

between the task’s start and finish times, These utilization values are
averaged over the nodes assigned to the task In the CPU utilization list,
each item is a pair containing the timestamp of the measurement and
the corresponding CPU utilization value. Memory utlization isrecorded
in the same format. As shown in the figure, the network utilization list
includes entries with a timestamp, followed by network-in and network-
out values in bytes. Disk utilization is similarly represented; however,
instead of network in/out, the entries contain disk read and write mea-
surements in bytes,

The second data format is designed to represent the total system
load of the nodes allocated by RP at the beginning of the execution,
regardless of where individual tasks are running. The motivation for
separating the workloads and system load formats is to facilitate the cre-
ation of an Al-ready dataset, enabling straightforward integration with
machine leaming models. Fig. 5 illustrates system resource utilization
from a sample mixed workload, as captured in the system load.json file
from the IC2 cluster at Brookhaven National Laboratory (BNL). The dme
series format allows us to monitor changes in resource utilization over
time and observe correlations among various metrics. For instance, in
the first half of the graphs, we observe that CPU utilization increases in
parallel withmemory and network utilization on both nodes. The trends
in network inputand output bytes generally align, though the spikes in
network inare more pronounced. Additionally, disk write activity is vis-
ible, while disk read values remain mostly zero. The versatility of this
time series data structure makes the dataset applicable to a wide range
of problems beyond the scope of this study-for example, forecasting re-
source utilization for job scheduling and management. Therefore, we
believe this dataset will be a valuable resource for the scientific com-
munity. The dataset is publicly available on the Zenodo plaform (DOE
hutps://doi.org/10.5281/zenod 0.1554 5095),

3. Prediction model

We have tested several neural networks architecture types includ-
ing Multi-level Perceptrons (MLPs), CNNs, Recurrent Neural Networks
(RNNs), and Long Short-term Memory Networks (LSTMs), however our
best results were obtained with an MIP model, therefore, we only ex-
plain the details of the MLP model in this section. We have identified 33
input features that might be related to the output parameter we would
like to predict (e.g., runtime, CPU utilization, etc.). Table 1 shows the
list of the input features selected.

Fig. 6 illustrates the input and output features used in the MLP
model. The red features are collected from the HPC system, while the
blue ones are obtained from the AWS cloud. We designed the model as
a regression model consisting of three hidden layers, using he uni farm
for weight initalization, the Rectified Linear Unit (ReLU) as the activa-
tion function in the hidden layers, and a linear activation function in the
output layer. The model was trained with the Adam optimizer for 100
epochs, using Mean Squared Error (MSE) as the loss function. It was con-
figured w predict either the runtime or the CPU/GPU utilization of the
corresponding job. To address the potential curse of dimensionality, we
performed a correlation analysis using Pearson's Rho, Spearman’s Rho,
and Kendall's Tau, aiming o exclude highly correlated input features,
However, the best results were achieved when using all input features,
Models that only included correlated variables showed reduced perfor-
mance, The code for the model is available in our GitHub repository
[21].

4. Experimental results

In this section, we present the characteristics of the workloads gener-
ated and executed on various HPC and Cloud systems, along with the ac-
curacy of our prediction model for estimating the runtime and CPU/GPU
utilization of jobs and tasks.
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Table 1
Model features.

i

Runtime of job,/task
#CPUs requested
#GPUs requested
CPU utilization of job,/task
GPU utilization of job/task
Memory utilization of job,/task
Network In (Mbps)
Network Out (Mbps)
Disk Read (Mbps)
Disk Write (Mbps)
Total CPU wtilization of system X mimustes
before job/task run
Total GPU utilization of system X minutes
before job/task run
Total Memary utilization of system X minut
before job/task run
14 Total Netwark In (Mbps) of system X minutes
before job/task run
15 Total Netwaork Out (Mbps) of system X minutes
before job/task run
16 Total Disk Read (Mbps) of system X mimutes
before job/task run
17 Total Disk Write (Mbps) of system X minutes
before job/task run
Total CPU willization of system during joly'task run
Total GPU wiilization of system during job/task run
Total Memory utilization of system during job,/task run
7 Total Netwark In (Mbps) of system during job,/task run
Total Netwaork Out (Mbps) of system during job/task run
Total Disk Read (Mbps) of system during job,/ task run
Total Disk Write (Mbps) of system during job/task run
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4.1. Systems

We used two HPC systems-IC2 cluster from BNL and Polaris from
Argonne National Laboratory (ANL)-along with two cloud clusters cre-
ated using the AWS ParallelCluster (PC) tool. Table 2 shows the number
of nodes allocated and the number of CPUs/GPUs available per node on
each system. While IC2 and Polaris feature heterogeneous node types
with both CPUs and GPUs, we selected CPU-only clusters on AWS using
c6a.8xlarge and t2 8xlarge instances to evaluate the performance differ-
ences when migrating an application that can run on both GPU and CPU
to a CPU-only environment. Both IC2 and AWS ParallelCluster systems
use the SLURM scheduler on the backend, while the Polaris cluster uses
the PBS scheduler [22], leading to configuration differences in the RP
installation across systems,

4.2, Workbads
Tomimic shifts in workload characteristics, we created workloads in

five different categories: small, scattered, mixed, scalable, and threaded.
A small workload consists of applications with their smallest problem
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sizes—corresponding to the C class in the NAS Parallel Benchmark and
a small dataset with 1 epoch in the image classification application. In
the scattered category, we aimed for applications with nintimes closer
to one another, using C and D class benchmarks from NAS and small
datasets with 1 to 5 epochs for image classification. The mixed category
includes all parameter combinations. The scalable category focuses on
applications that can scale across multiple nodes, such as MPI and hybrid
MPI +OpenMP benchmarks from the NAS suite. The threaded category
includes only OpenMP benchmarks from NAS and the image classifica-
tion application with all possible parameter settings.

In addition to application-specific parameters, we varied the num-
ber of CPUs, GPUs, and nodes requested to represent different levels of
parallelism. A sample configuration for the mixed category is shown in
Fig. 7. The thread and node numbers represent the maximum values,
and all possible values less than or equal o these maximums are gener-
ated in the task pool. We employed an exponential increment strategy
for generating these values. Since the valid parameter sets differ by ap-
plication, an irerations parameter is used to specify what percentage of
task descriptions from each application are included in the task pool.

Each workload consists of 50 applications (a.k.a. tasks) and is gener-
ated using five different random seeds across five different categories
by the randomizer in the Task Submitter, in order to represent var-
ied arrival orders and parameter combinations. A total of 1250 appli-
cations /tasks were executed on each system, generating input datasets
with approximately ~ 40,000 data points for our prediction model. It
is very difficult to model the high variability in realworld workload
arrival times; therefore, researchers often rely on representative statisti-
cal values such as mean, variance, and others [23,24]. According to [2],
when jobs arrive sparsely, their waiting time in the queue becomes zero,
making it difficult for scheduling policies-especially those based on ma-
chine learning models—to learn meaningful patterns. In such cases, any
policy may appear effective regardless of its quality. Taking this obser-
vation into account, we designed a busy arrival schedule in which tasks
enter the system following a Poisson distribution with a mean inter-
arrival time of 10 seconds. This choice reflects the presence of many
short-running benchmarks in our workload.

Fig. & presents the mean and standard deviation of runtime, number
of CPUs, and number of GPUs for each workload type across all systems,
Given the number of nodes allocated in each cluster, it is expected that
workloads on the Polaris system exhibit the lowest runtimes due to the
scalability offered by its 10-node configuration, compared to 2 and 4
nodes on the IC2 and AWS clusters, respectively. Interestingly, the IC2
cluster demonstrates lower runtimes than the AWS cluster despite hav-
ing fewer nodes. We attribute this to the availability of GPUs on the IC2
cluster, which accelerates execution.

Among the workload types, the small workloads exhibit the short-
est mean runtimes, following the scalable workloads, owing to the effi-
cient parallelizaton of scalable applications across available resources.
In contrast, the threaded workloads have the highest mean runtimes, as
their parallelism is restricted to a single node on all systems. The mixed
workloads display mean runtimes that fall between the other categories,
indicating that our parameter configuration achieved a balanced distri-
bution across workload types.

When we examine the number of CPUs in the second column, we
obserwve that the mean values for all workload types are centered around
the maximum number of CPUs available on the AWS cluster. On the IC2
cluster, the mean CPU values are generally lower compared to the other
clusters, except for the scalable workloads. This is likely due to the use of
GPUs in all other workload types on IC2, whereas the scalable workloads
utilize only CPUs. On Polaris, the mean CPU values are higher, which
can be attributed to the larger number of allocated nodes.

GPU statistics are easier to interpret since the applications use only
thread-level parallelism. The mean GPU values are zero across all clus-
ters, primarily because NAS parallel benchmark applications comprise
75 % of the workload, compared to 25 % for the image classification ap-
plication. This imbalance is intentional, as the image classification ap-
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Table 2

HPC and cloud systems.
Name #nodes alloc.  #CPUs/node  #GPUs/node
IC28DCC-BNL 2 48 4
Polaris-ALCF-ANL 10/25/50 32 4
AWS PC1 4 32 0
AWS PC 2 4 8 0

Table 3
Total runtime ratios (Ruewime x #CPU /G PU 5).

Application Type K2 /AWSPC1  Polaris / AWSPC1  Polaris /IC2
Sealable (MPT) 100 323
Threaded ( OpenMP) 145 0.63

Hybrid (MPI+OpenMP) 121 0.75

Thread (TensorflowGPU) Q09

3.06
095
089
0.04

0.47

plication has significantly higher runtimes than the NAS benchmarks.
On the IC2 cluster, the small workload type exhibits notable GPU us-
age, while the scattered workload on Polaris shows a similar pattern.
However, due to limited memory on Polaris, we had to use the max-
imum number of GPUs per node (4) for feasible execution. This con-
straint explains why GPU outliers on Polaris consistently show 4 GPUs,
whereas on the 1C2 cluster, a broader mix of 1, 2, and 4 GPUs was
achievable. The AWS cluster shows no GPU data points, as it lacks GPU-
enabled instances. These observations confirm that we achieved a di-
verse and balanced configuration of applications with varying runtimes
and CPU/GPU resource requirements.

An addidonal noteworthy observation emerged when we compared
the total runtimes of jobs, calculated as the product of runtime and the
number of CPUs/GPUs used, across different systems for each job type.
Table 3 presents the runtime ratios between system pairs across vari-
ous job categories. Although the IC2 and AWS clusters offer 96 and 128
CPU cores respectively, IC2 performed comparably to AWS for scalable
jobs and underperformed for threaded and hybrid jobs. As expected,
GPU-dependent jobs ran faster on IC2, given that the AWS cluster was
CPU-only. The Polaris system showed slightly better performance than
AWS for OpenMP and hybrid jobs but performed significantly worse
for scalable workloads. We suspect this is due to increased communica-
tion overhead at higher parallelism levels on Polaris, compared v AWS.
For GPU-dependent jobs, Polaris's performance was similar to that of
IC2. When comparing Polaris and IC2 directly, Polaris outperformed
IC2 across most job categories, except for scalable jobs. These findings
suggest a potential advantage in moving toward cloud-based systems.
However, more extensive testing on larger-scale cloud clusters is neces-
sary before drawing any definitive conclusions.

4.3. Prediction results

In this section, we present the evaluation results of the MLP model
used to predict the runtime, CPU utilization, and GPU utilization of
jobs/tasks when migrated from one system to another. Since the neural
network is designed as a regression model, we employ standard evalua-
tion metrics including MAE, MSE, MAPE, and R? score. MAE calculates
the average absolute difference between actual and predicted values, as
shown in Eq. 1, where N is the number of data points, y is the actual
output, and ¥is the predicted output. MAE is the most robust metric in
the presence of outliers. In contrast, MSE uses the square of the differ-
ences between actual and predicted values (Eq. 2), which causes larger
errors to be penalized more heavily. This makes MSE more sensitive to
outliers compared to MAE. MAPE measures the average absolute per-
centage error between predictions and actual values (Eq. 3) and is also
highly sensitive to outliers, especially when actual values are close to
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Fig. 11. Prediction results using RP monitoring logs - system 1: polaris - system 2 IC2
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Unlike the previously discussed error metrics, R*-also known as the
coefficient of determination-is used to assess the goodness of fit of a
regression model. It measures the proportion of the variance in the de-
pendent variable that can be explained by the independent variables in
the model. Ahigher R? value indicates that the model better captures the
underlying data patterns and provides stronger explanatory power, R’
is calculated as shown in Eq. 4, where SSR denotes the sum of squared
residuals between the predicted and actual values, and SST represents
the wtal sum of squares, which reflects the total variance present in the
actual output values. The closer the R value is to 1, the more effectively
the model explains the variability in the dataset.

We used these four evaluation metrics, along with scatter plots of
predicted vs. actual values, to assess how accurately the model pre-
dicts outcomes, Fig 9 presents the scatter plots for jobs migrated to
the AWS cluster, based on data collected from both the IC2 and AWS
clusters using the RP monitoring architecture. In Fig. 9.a, prediction
points for runtime are concentrated around the 45-degree line, indicat-
ing high prediction accuracy. However, there are visible gaps between
clusters of data points, suggesting that runtime values are not uniformly
distributed. We attribute this to the exponential parameter scaling strat-
egy used when configuring workload variations. For CPU and GPU uti-
lization predictions, the data points are similarly aligned along a linear
trend line (Figs. 9.band 9.¢, respectively). We observed that GPU utiliza-
tion typically remains below 20 %, while CPU utilization can reach up to
100 %. The model achieved a Mean Absolute Error (MAE) of 17 seconds,
a Mean Absolute Percentage Error (MAPE) of 31 %, and an R? score of
0.99 for runtime prediction. Considering that the average nntime for
AWS workloads is approximately 8 minutes, a 17-second MAE-well un-
der a minute—translates to near-perfect accuracy, especially given that
users typically request job durations in minutes or hours (Table 4). Ad-
ditionally, we obtained MAE values of 2.7 % for (PU utilization and less
than 1% for GPU utilization. Interestingly, GPU utilization predictions
yielded a higher R? score compared to those of CPU utilization.

Polaris - AWS prediction results are also very similar (Fig. 10) with
a better MAE value of 14 seconds but a worse MAPE value of 41 %. The
R? score values were similar ranging between 0.95-0.99. Although a
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MAPE value of 31-41 % might seem high, it is much less than the user-
estimated runtime MAPE values of the Parallel Workloads Archive [25].
Table 5 shows MAPE rates for the user-requested runtime vs. the actual
runtime of jobs collected from workload scheduler logs. Only ANL In-
trepids error rate (10.96 %) is lower than ours, while the average MAPE
of the 11 systems is 2057.81 %. Also, MAPE is a metric quite prone to
outliers. Even a few outliers can drag the average percentage down a
lot. In addition, we believe another factor affects this high value: short
jobs. In our workloads, there are a lot of jobs with less than a minute or
a few minutes of runtime. In this case, even a few seconds/minutes of
difference between the actual and predicted runtime can cause a large
percentage error. However, Service-level Agreements (SLAs) won't be
affected if we add the margin error in MAPE or MAE into the predicted
runtime when we make requests. The costs should be calculated taking
the margin error into consideration as well.

We believe our model can be applied not only to integrated cloud and
HPC environments but also o heterogeneous systems with varying node
architectures. To evaluate this, we tested the model on the Polaris-1C2
case. Although both systems have similar (PU and GPU architectures,
they differ significantly in terms of quantity, interconnects, and mem-
ory layout. Fig. 11 presents scatter plots comparing actual and predicted
values for runtime and CPU/GPU utilization, while Table 6 summarizes
the corresponding evaluation metrics. Compared to the AWS cases, run-
time predictions in the Polaris-IC2 scenario are less tightly clustered
and exhibit higher error rates. While the R? score for CPU utilization
remains consistent with earlier results, the model struggles to predict
0% or very low utilization cases. Additionally, CPU utilization does not
exceed 50 %, indicating limited scalability or saturation for certain jobs.
GPU utlization predictions remain consistent with previous results. De-
spite these challenges, the runtime prediction still achieves a MAE of 21
seconds, demonstrating that our model remains feasible and effective-
even in the context of heterogeneous HPC systems—with sub-mimuite pre-
diction accuracy.

To evaluate our second workload generator architecture, we col-
lected data from the AWS PC2 system using QoudWatch, focusing on
the small and mixed worldoad types. Fig. 12 presents the prediction re-
sults for the IC2-AWS PC2 and Polaris-AWS PC2 scenarios. We report
only the runtime and GPU utilization results, as the model was unable
to accurately predict CPU utilization due to insufficient data points in
the CloudWatch-generated JSON files. Upon investigating the source of
the model'’s poor performance for CPU utilization, we found that many
tasks lacked usable CPU utilization data. This was primarily due to
CloudWatch's 5-minute metric reporting interval, which is too coarse
to capture the behavior of short-running tasks accurately. As a result,
the model underperformed in predicting (PU utilization.

Figs. 12.a and 12.b show the runtime prediction results for the IC2-
AWS PC2 and Polaris-AWS PC2 cases, respectively. Asshown in Table 7,
although the Polaris case yields lower MAE and MSE values, the IC2 case
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Fig. 12. Prediction results using CloudWatch logs - systems: IC2, polaris, AWS PC 2

Table 4

Evaluation results - integrated HPC and cloud systems.

IC2- AWSPC1 Polaris - AWS PC 1
Metric  Runtime(secs) CPU nil(%) GPU DL(%)  Runtime (secs) CPU Dtil{%)  GPU Utl(%)
MAE 17.796 2716 0.069 14.858 2472 0.097
1551.831 20734 0.089 919.767 19.664 0.075
R? 0995 0.952 0.990 0.993 0951 0.995
MAPE 31289 41.259

performs better in terms of MAPE and R? score. The scatter plots also
reveal more outliers for the Polaris case, with prediction points devi-
ating further from the 45-degree ground truth line. When compared to
RP-based monitoring, the CloudWatch-based predictions achieve com-
parable MAPE results but generally underperform in terms of MAE, MSE,
and R? score. Figs. 12.¢c and 12.d show the GPU utilization prediction
results for the IC2 and Polaris cases when jobs are transferred from the
AWS PC2 system to the respective HPC systems. The scatter plot for the
IC2 case indicates GPU utilization values reaching up to approximately
20 %, while the Polaris case remains below 15%. This difference may
be attributed to the random splitting of training and testing datasets.
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Asshown in Table 7, the Polaris case exhibits higher error rates com-
pared to the IC2 case, although it achieves a better R? score. All results
presented are based on the best-performing model among ten training
runs, each initialized with different random weights and train/test splits.

Overall, the prediction results obtained using RP monitor-
ing are superior to those achieved with CloudWatch monitoring.
Several factors may contribute to this difference, including dataset size,
monitoring frequency, and architectural variations in the underlying
systems. In future work, we plan to extend our datasets to include ad-
ditional experiments to further validate and improve the robustness of
our model.
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Table 5 Table 7
Parallel workloads archive user run- Evaluation results using CloudWatch logs.
time estimates.
ICZ-AWS PC2 Polaris- AWS PC2
) Metric  Runtime(sees) GPUUMH(%)  Runtime(secs) GPU Uil (%)
CEA-Curt !;‘11 ID.%M MAE 3B.474 0.087 36.347 0.164
- :ﬁ MSE 5369.687 0171 4949.583 0230
mma‘ _;.lggm :‘5:';‘1’“ R 0.585 0.975 0.971 0581
MAPE 34.266 40.665
HPCZN-2002 221882
METACENTRUM-2013  7254.77
RICG-2010 2006.72 Table 8
SDSC-8LUE-2000 47.99 Comparison of average evaluation results of all models.
SDSC-EP2-1998 75.50
Unili-Gaia-2014 1680.95 LIN. REGR. MLP CNN RNN LSTM
lublin-1024 484.57 R .
AVERAGE 2057.81
7.8 MAE 12596 2564 8681 25314 21916
MSE 49797 .46 2540.60 27966.46 201781.71 189076.93
Table 6 MAPE 73499 26286  761.52 156451 1499.36
Evaluation results - heterogeneous HPC systems. R 068 e o.m —0.m —m
Polaste . 12 CPU Utilization
Metric  Runtime(secs) CPUUGHL(%)  GPU Utl(%) MAE 1138 329 6.27 1562 1316
MSE 263.76 34.90 86.37 36875 30729
MAE 21.786 1888 0.079 R? 030 0.91 0.77 0.00 017
MSE 1654.875 11.967 0.104 Dellizatt
R 0587 0555 0.984 o na
MAPE 396311 MAE 064 0.10 0.39 233 189
MSE 217 0.13 0.89 1039 1150
r? 074 0.99 0.92 —0.01 —028

4.4. Comparison to other models

We tested CNNs, RNNs, LSTMs, and Linear Regression prediction
models in addition to our MLP model but none of the other models per-
formed well against MLP. In Table 8, we present the comparison results
for average MAE, MSE, MAPE, and R? scores for 10 runs with random
weight inidalization and train/test dataset split configuration. The re-
sults are then also averaged for all system pairs (IC2-AWS, Polaris-AWS,
Polaris-1C2). While MLP is the clear winner in all evaluation metric cat-
egories, CNN is the runner up and Linear Regression follows it. RNN and
LSTM perform the worst. Although LSTM results look better compared
to RNN, RNN results were more stable across 10 runs. LSTMs had 1-2
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outliers which were removed from the average. Overall, we can say that
MLP is the best model while RNN/LSTM are the worst.

4.5. Scalability vs. predicdon accuracy

We conducted a series of experiments to examine the impact of sys-
tem scalability on the prediction accuracy of our model. Specifically,
we increased the number of allocated nodes on the Polaris system to
10, 25, and 50 nodes and executed mixed workloads consisting of 1000
tasks. Fig. 13 presents the average MAE and R? score across 10 runs



E Yildirim et al. PFuture Generation Computer Systems 176 (2026) 106230
Table 9
Comparison of related work.
Authors Optimization Runtime Sched /Pred. alg Input data Applicability  System arch. Max R?
prediction score
Fan et al. 2021 [3] Scheduler User E: ted  Reinf L ing Trace Logs Generic Homogeneous -
Mualem et al 2001 [26]  Scheduler User Estimated  FCFS + Backfilling Trace Logs Generic Homogeneos -
Grandl et al 2014 [27] Scheduler User Estimated  Bin-packing Mo toring Specific 1o Homogeneous -
MapReduee
Jojoo et al. 2023 [29] Runtime Predicted Probabilistic Models Sampling Specific 1o Homogeneos -
MapReduee
Fan et al. 2019(20) 5S¢ heduler User Estimated — Genetic Algorithms Trace Logs Generic Homogeneos -
Zhang et al. 2020[2] Scheduler User Estimated  Reinforcement leaming  Trace Logs Generic Homogeneous -
Tansth et al 2019[21) Runtime + Predicted Machine Learmning Trace Logs Generic Homogeneos 063
Memaory
Chen et al 2020 [32] Runtime Predicted Machine Learning Trace logs Generic Homogeneouss 098
Tansth et al 2021 [33) Runtime Predicted Machine Lesrmning Trace Logs Generic Homogeneouss  0.77
Menear & Runtime Predicted Machine Learmning Trace Logs + Generic Homogeneous  0.47
Duplyakin 2023 [34] Application
Lamar et al. 2023 [15] Runtime Predicted Machine Learning Trace Logs + Specific Homogeneouws  0.99
Input Params. toapp
Naghshnejad 2018 [17] Runtime Predicted State-space model Trace Logs Generic Homogeneos -
Yang et al. 2023 [36] Runtime Predicted Machine Learning Trace Logs + Generic Homogeneos -
App. Path
Wyatt T etal 2018 [1] Runtime + 10 Predicted Neuwral Networks Trace Logs Generic Homogeneous -
Yildirim et al 2025 Runtime + Predicted Neural Networks Mo tori g Generic Integrated 0.99
cpu/gpu util.

of the prediction model, each using random train/test data splits and
weight initialization. Our analysis revealed that the runtime prediction
accuracy exhibits varying trends depending on the target system as we
increase the number of nodes on the first system. While Polaris-AWS
runtime MAE decreases slightly (Fig. 13.a), Polaris-IC2 runtime MAE
increases. Their R? scores show a similar trend except that as MAE in-
creases, R® decreases and vice versa (Fig. 13.d). However, the variations
in R? are relatively minor and can be considered negligible, Increasing
the number of nodes on the source system does not significantly affect
the MAE of CPU utilization predictions (Fig. 13.b). However, a slight
decrease in R? score is observed for the Polaris-AWS case as the number
of nodes increases from 10 to 25 (Fig. 13.e). In contrast, the MAE value
for GPU utlization prediction increases as we increase the number of
nodes from 10 to 25 and R? scores show a trend that supports this phe-
nomenon (Figs. 13.¢ and .f). Overall, the changes in the MAE and R?
scores are very small. So, we conclude that the scalability differences of
the two systems do not affect the prediction accuracy of our model.

5. Related work

Research on HPC scheduling optimization typically follows two
main approaches: proposing new scheduling strategies based on user-
estimated runtimes, or developing prediction models to estimate run-
time and resource utilization. Table 9 presents a comprehensive sum-
mary of related studies, including our work, and categorizes them based
on key characteristics. Due to the varying optimization objectives and
data types used in these studies, direct comparisons between our model
and prior work are challenging. Nevertheless, we compare the R? scores
of our model against those of studies that reported this metrie. First
Come First Served (FCFS) with EASY backfilling is one of the earliest
scheduling algorithms proposed, yet it remains the most widely used ap-
proach in current production HPC systems. The study in [26] compares
two backfilling strategies—conservative and EASY-and concludes that,
overall, their performance is comparable. Grandl et al. [27] propose a
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data collection strategy similar to ours, but their architecture is designed
for clusters executing MapReduce jobs [28]. They assume homogeneous
resource utilization across tasks within a job and demonstrate that mond-
toring past tasks can help predict future task utilization. Similarly, Jajoo
etal. [29] predict job nuntimes of MapRed uce workloads using sampling
tasks. Their approach addresses the limitations of historical data, par-
ticularly when job runtimes vary due to hardware or software changes.
However, their method applies only to DAG-based scheduling and is
not suitable for single-task jobs. Moreover, their evaluations are limited
to homogeneous architectures, and they identify extending to hetero-
geneous systems as future work While Fan et al. [30] adopt a genete
algorithm for scheduling, more recent studies have increasingly favored
reinforcement learning techniques—especially the actor-critic model
combined with neural networks—o enable intelligent scheduling deci-
sions [2,3]. It is worth noting that all of these approaches are designed
for homogeneous systems, rely on user-estimated runtimes, and-with
the exception of Grandl et al. and Jajoo et al.—primarily use scheduler
trace logs in their models.

The second category of related work-including our own—focuses on
predicting job runtime and, in some cases, resource utilization to sup-
port more informed scheduling decisions. The studies in [31-33] are
closely related, employing trace logs and traditional machine learning
techniques such as random forests, along with ensemble learning mod-
els like LightGBM. Some works incorporate application-level features to
enhance model accuracy [34,35]. For example, Lamar et al. [35] col-
lect data from five specific physics applications executed with varying
input parameters. Their model achieves an impressive R? score of 0.99,
but only for a single application type. While this demonstrates high ac-
curacy, it also limits generalizability—the model cannot be applied to
applications outside of the training set. Yang et al. [36] suggest that ap-
plications with similar file paths tend to have similar execution times,
while Wyatt et al. [1] utilize neural networks to predict both runtime
and 1/0 usage. Like those in the first category, these studies are also de-
signed for homogeneous systems and primarily rely on scheduler trace
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logs for training data. In contrast, our work presents a generic model ca-
pable of accurately predicting runtime across a variety of applications
and systems, including integrated cloud and HPC environments, Qur
model achieves the highest reported R? score among the studies that
provide this metric. The most comparable work in terms of prediction
accuracy is by Chen et al. [32], who report a similar R? score-but only
for a single system. For other systems, their model performance drops to
an R? range of 0.80-0.81. To the best of our knowledge, ours is the only
model designed to operate effectively in integrated and heterogeneous
computing environments.

6. Conclusion

By leveraging system resource utilization data and HPC job charac-
teristics, our neural network model accurately predicts job runtime and
CPU/GPU usage within error margine of under 1 minute and 3 %, respec-
tively. This prediction framework operates across integrated cloud-HPC
environments using a monitoring strategy that captures load metrics
from both systems. When integrated into workload managers like RP
or schedulers like Slurm, it can enable informed, cost-aware decisions
for job migration to cloud platforms based on accurate runtime and in-
stance specifications. Future work will focus on scaling the dataset to en-
compass larger HPC and cloud systems, as well as longer-duration jobs,
to enhance model generalizability. We plan to integrate the prediction
model into a scheduling framework that utilizes rnuntime estimates for
job placement and migration decisions. To assess the applicability of
transfer learning, the model will be retrained and fine-tuned using het-
erogeneous datasets collected from additional platforms, such as Google
Cloud. Furthermore, we will investigate advanced data transfer opti-
mization strategies to minimize staging latency during data movement
from HPC storage to cloud-based environments.
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