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Abstract—Next-generation HPC clusters are evolving into
highly heterogeneous systems that integrate traditional comput-
ing resources with emerging accelerator technologies such as
quantum processors, neuromorphic units, dataflow architectures,
and specialized Al accelerators within a unified infrastructure.
These advanced systems enable workloads to dynamically uti-
lize different accelerators during various computation phases,
creating complex execution patterns. The performance of the
workloads can therefore be impacted by many factors, including
how the accelerators are shared, their utilization, and their
placement within the system. Moreover, effects such as the system
and network state due to the overall system load can significantly
impact the job completion rate. Understanding, identifying, and
quantifying the impact of the most critical factors (e.g., the
number of allocated accelerators) will help decide the investment
decisions for accelerator acquisition and deployment that can
improve the overall system throughput. This paper extensively
studies these complex interactions among advanced accelerators
within an HPC cluster and various workloads. We introduce a
novel analytical model which predicts the speedup of a workload
given an accelerator/system configuration. This model can be
used to quantify the effect of augmenting additional accelerators
on job performance running on an HPC cluster. We validate the
model using both simulated and real environments.

I. INTRODUCTION

In the post-Moore law era, the rapid evolution of high-
performance computing (HPC) architectures is increasingly
driven by the emergence of diverse and complex workloads
that comprise a mixture of computationally intensive and
communication-bound applications, including, but not limited
to advanced simulation, machine learning (ML) and graph
analytics [1]. As transistor scaling slows, today’s HPC sys-
tems incorporate heterogeneous components, such as graphics
processing units (GPU) and field-programmable gate arrays
(FPGAs), to continue to deliver performance improvements
[2]. The next generation of emerging HPC systems will
likely integrate a broader array of specialized accelerators
such as quantum processors (e.g. IBM’s Quantum Heron [3]),
neuromorphic accelerators (e.g. Intel’s Loihi [4]), Dataflow
architectures (e.g. SambaNova [5]), and specialized ML ac-
celerators (e.g. Cerebras [6]), co-located within the same HPC
cluster [7]. ! For instance, recent research has demonstrated the
potential of combining quantum and classical computing with

In the subsequent discussion, we will refer to such specialized hardware
as accelerators.

co-located quantum processors generating noisy samples to be
processed by the Fugaku supercomputer to estimate ground-
state energies in chemistry [8].

To maximize their potential, the next-generation of HPC
systems must effectively integrate diverse accelerators with
classical computing while addressing job scheduling, system
utilization, resource allocation, and system provisioning. At
the heart of these challenges is machine balance and utiliza-
tion. Successful clusters will balance their hardware configu-
ration based on job scalability and throughput to reduce the
Total Cost of Ownership (TCO). While low-level simulation
targeting an individual type of accelerator provides a detailed
analysis of a single application, it is ill-suited for a broader
systems-level analysis that spans many cluster configurations
and applications (some of which may not yet exist) needed to
address these questions. Instead, a high-level model exploring
future applications’ broad characteristics and accelerator usage
will enable a quicker and more intuitive means to explore
cluster configurations. To this end, we explore workload and
accelerator abstractions to better understand the impacts of job
scheduling and cluster configuration on systems running ap-
plications that tightly couple classical and novel computations.

Subsequently, this work proposes a new analytical model
for understanding the performance of workloads on an HPC
cluster incorporating multiple co-located accelerators. Our
model projects the improvement in throughput as accelerators
are added to the system, taking into account the following fac-
tors: whether the accelerators are shared or used exclusively,
the amount of time a job spends on classical computing units
and accelerators, and the job startup time before running on
an accelerator.

This paper makes the following contributions:

An in-depth study on how accelerator access modes (multi-
tenant vs exclusive), network topology, accelerator place-
ment, mixture of communication- & computation-intensive
workloads, and scheduling strategies impact workload per-
formance and system throughput.

An analytical model for projecting how system throughput
will scale as the number of accelerators increases in the
next-generation HPC systems with multiple accelerators.
The model considers several key factors, such as accelerator
access modes, job composition (distribution of workload on
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Fig. 1. Illustration of multi-tenant versus exclusive scheduling for a workload
consisting of four jobs sharing two accelerators. Each individual job alternates
between classical tasks (blue) and accelerated tasks (red/orange) with inactive
time denoted by a dashed blue line. The color of the interval and the number
above the interval both indicate which of the two accelerators are being used
to resolve the given task in the job.
traditional processors and accelerator), and queue time for
resource allocation.
o Validation of our analytical model with simulation (extend-
ing the Structural Simulation Toolkit Macroscale Element
Library (SST/macro) [9]) and on a real cluster.

II. BACKGROUND
A. Scheduling/Access Modes

In this study, we consider two modes of scheduling
through which jobs get assigned to the accelerators. Figure 1
illustrates the two scheduling modes described below.

Multi-Tenant Scheduling Mode. In multi-tenant scheduling,
each job reserves an accelerator only for a particular phase of
the workload execution. Once the phase completes execution,
the accelerator is made available to other jobs. In this way,
multi-tenancy may improve the overall system throughput
by providing finer access granularity to the accelerators and
reducing the wait time in the job queue.

Exclusive Scheduling Mode. Exclusive scheduling, where
jobs reserve an accelerator for the entire duration of their
workload execution, has its drawbacks. While it ensures
dedicated resources and more predictable execution times, it
can lead to under-utilization of accelerators in cases where
the workloads consist of a significant amount of classical
computation that the accelerators depend on. This model is
widely used in current HPC systems, with popular schedulers
such as Slurm [10], LSF [11], and PBS [12]. In our work,
we evaluated a variation of exclusive scheduling where a job
is permitted to start classical compute prior to an accelerator
being made available (i.e., job 3 in Figure 1). Such an alter-
ation is motivated by the tight integration of heterogeneous
applications where all jobs are expected to use an accelerator.
In general, this evaluation of exclusive scheduling is more
optimistic.

B. SST/macro Simulation Framework

SST/macro [9] is an open-source, discrete event simu-
lator that models communication and computation in high-
performance computing (HPC) systems. The simulator in-
tercepts distributed communication interface calls, for exam-
ple, Message Passing Interface (MPI) calls, and simulates
message flow through the network layers such as network
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interface cards (NICs), switches, and links. SST/macro is
highly customizable through its configuration files. These
files enable users to adjust hardware parameters, including
topology configuration, buffer sizes, and minimum message
transmission units. In our experiments, we chose the detailed
packet-based model with Quality-of-Service guarantee within
SST/macro, namely the Simulator Network for Adaptive
Priority Packet Routing (SNAPPR) model [13] to ensure the
most accurate execution of the network flow and interactions.
Several research studies [14]-[16] have utilized SST/macro to
explore next-generation HPC network topologies and evaluate
hardware designs for exascale computing systems.

III. EFFECTS OF DIFFERENT FACTORS ON JOBS RUNNING
ON A SYSTEM WITH MULTIPLE ACCELERATORS

This section presents a comprehensive evaluation of how
various system factors affect job performance in emerging
HPC clusters with multiple accelerator types. With simulation,
we analyze the impact of several key parameters: accelerator
task time (ATT) which represents the duration each job phase
utilizes accelerators, accelerator access modes (multi-tenant
vs. exclusive), network topology configurations (Dragonfly
and Fat Tree), application types (physics, machine learning,
and graph analytics), and workload composition within the
system. Our analysis provides insights into how these factors
collectively influence system performance and resource uti-
lization as the number of accelerators scales.

A. Experimental Methodology

Simulation Infrastructure. In our experimental setup, we
extend the SST/macro simulation framework to simulate an
HPC system with multiple accelerators at the MP I application
level. We implement a driver application that reserves a single
MPT rank for each accelerator and wraps all of the instances
of each target app (i.e., physics, ML, or graph application).
A MPI communicator is created within the driver, including
all ranks for each instance of a specific target app and one
accelerator. Each node/accelerator is assigned a single rank in
the cluster configuration.

Next, all target apps are modified with an asynchronous
gather from each rank to the accelerator in its subcommuni-
cator. To simulate a tightly coupled application, we place this
communication in the main loop of each target app. During
execution, each accelerator polls for incoming data. When all
the data from a target app is received, it simulates servicing
the application by performing computations for a set duration,
after which it broadcasts the results back to all the ranks of
the served app. The target app proceeds to the next iteration
upon receiving the computed value.

The composition of target apps is randomly selected, and
their execution schedule is passed on via a configuration file.
Further, the mapping of target apps to accelerators is also
determined statically a priori. We explore two approaches,
the nearest accelerator (from the network perspective) and
load balanced, but only report results for load balanced as
it consistently outperforms the nearest accelerator approach.
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Dragonfly a g h IG Conn. Conc Nodes
4 64 16 Circulant 2 512
Ports Pods Sw. ESw. HxP LB AB CB  Conc. Nodes
Fat Tree

14 14 245 98 49 1x 2x 2x 7 686

TABLE I. SST/mMaCRO CONFIGURATION FOR DRAGONFLY AND FAT TREE WHERE a
= # OF ROUTERS IN A GROUP, g = # OF GROUPS, h = # OF GLOBAL LINKS, Sw. = # OF
SWITCHES, E.Sw. = # OF EDGE SWITCHES, HXP = HOSTS PER POD, LB = LEAF
BANDWIDTH MULTIPLIER, AB = AGGREGATE BANDWIDTH MULTIPLIER, CB 1S
CORE BANDWIDTH MULTIPLIER, AND CONC. = CONCENTRATION

App Type Apps Processes
Graph Analytics MiniVite (5 inputs) 2,4,6,8,16,
32,64,128

Machine Learning ResNet-152, Cosmoflow, DLRM 2,4,6,8,16,
32,64,128

Physics Sweep3D, Halo3D, FFT 2,4,6,8,16,
32,64,128

TABLE II. APPLICATION AND PROCESS COUNT CHOICES FOR EACH
APPLICATION TYPE.

Application Inputs
MiniVite Graphs: High Energy Physics, Phenomenology,
Wikipedia Requests for Adminship, Amazon Product
Co-Purchasing, Network, Gnutella P2P File Sharing
Network, Epinions Social Network
ResNet-152 100,000 (Allreduce size)
Cosmoflow 1000 (size multiplier)
DLRM 1000 (size multiplier)
Sweep3D (pex, pey): (8,2), (8,4),(8.8),(8,16)

Halo3D and FFT (pex, pey, pez): (44,1), (44.2), (4,4,4), (4,4,8)
TABLE III. INPUT CHOICES FOR EACH APPLICATION.

Network topology configurations. In the network topology
specification, we reserve a switch (and all endpoints associated
with it) in a group within a Dragonfly topology for an
accelerator and a switch in a pod in the Fat Tree topology.
Table I shows the specific simulation parameters used for both
topologies in our experimental setup.

Applications. We consider three types of representative appli-
cations: physics, graph analytics, and machine learning, with
diverse communication-computation patterns. These patterns,
found in many HPC jobs, coupled with interleaved phases of
accelerator usage for certain ATTs, constitutes our simulation
premise. For physics applications, we consider Sweep3D,
FFT, and Halo3D proxy applications from SST/macro’s
skeletonized examples [17]. For machine learning applications,
we consider ResNet-152, CosmoFlow, and the Deep Learning
Recommendation Model (DLRM) proxy applications from
[18]. For graph analytics, we consider a community detection
algorithm from ExaGraph, MiniVite [19]. Graph applications
are generally communication-bound. In contrast, machine
learning applications strike a balance between moderate com-
putational tasks and significant bursts of data communication.
On the other hand, physics applications are compute-bound
and have pre-defined communication phases.

Job Composition. We now describe our methodology for
combining various applications to generate comprehensive

system workloads. Initially, we determine the key parameters
for our chosen network topology: the quantity of accelerators,
the scheduling mode, and an ATT for a chosen topology. Next,
we generate a workload characterized by a fixed distribution
of application types. This distribution determines the fraction
of the total workload processes that each application type can
occupy. For a given distribution, we iteratively randomly pick
eligible applications with eligible random process counts and
a randomly selected input and add it to the workload mix until
the selected system configuration is fully occupied. As the ap-
plications are added to the workload mix, they are assigned to
accelerators in a round-robin fashion to ensure a load-balanced
setup. Tables II and III display the application classes, their
types, process counts, and inputs to each application.

We generate 50 random replications of each workload to
ensure that they capture statistically significant variability and
report the mean of the observed performance for the workload.
According to the Central Limit Theorem, running samples of
this size result in an approximately normal distribution.

B. Performance Analysis Across System Configurations

We evaluate the impact on jobs with different accelerator
access modes as the number of accelerators increases.

Experimental Design and Performance Evaluation
Methodology. We evaluated the effect on runtime by
increasing the number of accelerators for two topologies:
Dragonfly and Fat Tree. The results are presented in Figures 2
and 3. Our experimental design encompasses two scenarios:
homogeneous workloads, where we run graph analytics,
ML, or physics applications exclusively, and heterogeneous
workloads, which consist of a mix of these application types.
We have experimented with two distribution patterns for the
heterogeneous workloads: a balanced composition with equal
representation from each application type and an asymmetric
distribution of workloads. We evaluate these configurations
over a range of ATTs: 10 to 10 million microseconds (us).
We divide the results into shorter ATTs (10u5-100,0005) and
longer ATTs (1 million ps to 10 million us). Our evaluation
was conducted for both exclusive and multi-tenant modes. To
quantify performance improvement, the relative speedup is
computed by comparing it against the same workload/system
configuration runtime but with a single accelerator scheduled
in exclusive mode.

Impact on homogeneous and heterogeneous workloads
with multi-tenant vs exclusive scheduling on Dragonfly
topology. From Figure 2, we make the following observations
for jobs running on an HPC system with the Dragonfly topol-
ogy. For shorter ATTs, utilizing accelerators in multi-tenant
mode generally results in improved job performance as the
number of accelerators increases. However, the performance
gains become less significant beyond the seven accelera-
tors mark. When considering particularly shorter ATTs, the
speedup curves tend to flatten after five to seven accelerators
are added, depending on the application type. These facts
suggest that five to seven accelerators with multi-tenancy
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Fig. 2. Relative Speedups of workloads with increasing number of accelerators and various ATTs, running on a system with the Dragonfly topology.
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Fig. 3. Relative Speedups of workloads with increasing number of accelerators and various ATTs, running on a system with the Fat Tree topology.

may offer a good balance between performance gain and
provisioning cost for a system of this particular size. The
performance gap between the multi-tenant and exclusive mode
was less pronounced for longer ATTs, with fewer accelerators
(up to five). However, this gap widens with additional accel-
erators. This continued improvement of the job performance
trend suggests that jobs with longer ATT could benefit from
additional accelerators if the budget allows such expansion.
In terms of the impact on workloads, adding more acceler-
ators yields a more significant positive impact (speedup) for
graph analytics and physics applications than machine learning
workloads. Both homogeneous and equally distributed hetero-
geneous workloads demonstrate similar performance improve-
ment trends as the number of accelerators increases. Figure 4
shows the same performance, but on skewed workloads, where
one of the three application types has a majority (> 50%) of
the total number of processes on the system. We observe a
similar trend as that of homogeneous workloads for lower
ATTs, however, the larger ATTs for these workloads do
not attain relative speedups as the homogeneous workloads,
peaking at roughly 5x, compared to 7x of the homogeneous.
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Impact on homogeneous and heterogeneous workloads
with multi-tenant vs exclusive scheduling on Fat tree
topology. From Figure 3, for Fat Tree topology, we make the
following observations. For shorter ATTs, compared to the
Dragonfly topology, there is an apparent dichotomy of per-
formance improvement between multi-tenancy and exclusive
mode in the Fat Tree case, with shorter ATT, performance
plateaus beyond six accelerators with multi-tenancy for graph
analytics and physics workloads (except for 100k ATT). For
machine learning applications, the plateau occurs around four
accelerators. Fat Tree often shows continued improvement
beyond six accelerators for larger ATT values, similar to
Dragonfly. Overall, the performance improvement is better on
the Dragonfly topology (Figure 2) compared to the Fat tree
topology (Figure 3). However, the Fat Tree topology is larger
than Dragonfly (686 vs 512 nodes) and can accommodate more
jobs per accelerator than the latter. The increased speedup
for large ATTs on Dragonfly is likely due to relatively lower
amounts of work per accelerator.

Overall Utilization of Accelerators. From the system’s per-
spective, we also assess the overall utilization of the accelera-
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Fig. 4. Relative Speedups of skewed workloads with increasing number of accelerators and various ATTs, running on a system with the Dragonfly topology.

tors. The cumulative accelerator utilization is computed using
the following formula

# Jobs x # Iterations x ATT
Total Runtime

100 %

We report the results for the Dragonfly topology in Figure 5.
We noticed a similar trend with the Fat Tree topology.

We observe that shorter ATTs generally result in lower uti-
lization (1-25%). In contrast, longer ATTs achieve higher cu-
mulative accelerator utilization (50-600%) overall. For longer
ATTs, increasing the number of accelerators in the system
leads to higher overall cumulative accelerator utilization.

Takeaway 1 : For jobs where classical compute domi-
nates (low ATT), clusters can achieve up to 2x improve-
ment in throughput with multitenant scheduling while
using a fraction of the accelerators. When accelerator
compute dominates, the schedule does not have a sig-
nificant impact.

IV. ANALYTICAL PERFORMANCE MODEL FOR
ACCELERATOR-AUGMENTED HPC SYSTEMS

We now present analytical models to estimate the speedup or
slowdown of workloads in future heterogeneous HPC systems
as the number of accelerators varies. These models offer
insights into the trade-offs between total cost of ownership
(TCO) for multi-tenant and exclusive scheduling modes, taking
into account the composition of the workload. We develop
distinct models for two scheduling scenarios, detailed in Sec-
tion II-A, which can be used to predict performance changes
as the accelerator counts on network changes. By modeling
these dynamics, we provide intuition on how workload char-
acteristics impact the TCO and performance under different
workloads and system configurations.

Now, we develop a queuing-theory-style model of the
overall drain timefor a collection of jobs under both the multi-
tenant and exclusive frameworks. As the trade-offs for classical
parallelism are orthogonal to the accelerator usage issues we
are investigating, we will assume that each job has been
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appropriately parallelized, and there are sufficient classical
resources to handle all classical work simultaneously. Thus,
each job in the total workload can be parameterized by a triplet
of values;

s = classical startup time before first accelerator usage,
a = total time spent on accelerators, and

c = total (non-startup) time for classical computation.

Thus the total runtime of a job on an empty system will be
s+a+c

In order to simplify notation, and focus on the essential
issues of accelerator usage, we will only consider the case
where there is a single global queue from which individual
tasks are dispatched to the accelerators?. Other load-balancing
schemes will yield a qualitatively similar form for the overall
clearing time (perhaps with different parameters). For exam-
ple, if the load-balancing scheme divides the jobs among
different collections of accelerators, the analysis which follows
can be applied to each collection individually and then the
maximum taken among all collections, yielding a similar form
of the overall drain time.

Job drain time with exclusive scheduling. We first consider
the drain time, T, of a collection of jobs {(s;,a;, ¢;)} running
on a system with k accelerators using slurm-style exclusive
scheduling. In this case, the time for the first & jobs i.e., those
jobs that are “first-in-line” for the accelerators, will be given
by s; +a; + c; while subsequent jobs can perform the initial
start-up work of s; while waiting for an available accelerator,
yielding a total effective runtime of a; + c;.

We note that (other than pre-processing that subsequent jobs
can do) identifying the minimum total run time for the jobs
is an instance of minimum makespan problem for scheduling
identical machines (in this case the accelerators).? Recall that,

2In our simulated and physical validation experiments (see Section V), we
use a greedy load-balancing scheme based on the size of the individual jobs

3 Again, we note that considering multiple accelerator types does not change
the qualitative nature of our results, but instead yields a similar functional form
for each accelerator type individually.
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Fig. 5. Cumulative accelerator utilization on Dragonfly. Percentages larger than 100% are indicative of usage saturating multiple accelerators.

given a collection of jobs Jy,...,J,, the minimum makespan
problem for identical machines (also known as the job shop
scheduling problem) seeks to find an assignment of jobs to one
of k£ machines, so as to minimize the maximum total runtime
of any machine, i.e., the clearing time of the workload. In
this context, an arbitration scheme decides which jobs get
assigned to which machines and in what order. Finding the
true optimum solution for the minimum makespan problem is
NP-complete [20], [21]. One of the well-known arbitration
approaches, list scheduling, takes an ordered list of jobs as
input, iteratively assigns each job to the machine with the
currently lowest load, and continues until all jobs are assigned.
In [22], Graham showed that any arbitrary list scheduling
solution can deviate from the true optimum by a factor of at
most 2 — %, where m denotes the total number of machines.
Thus, if we ignore the details of the arbitration mechanism
and fix a set K of k jobs that receive first priority on the
accelerators, the job drain time with exclusive scheduling can
be bounded as follows.

1 1
% Zsj—i—%Z(aj +¢;) | <Te, and

JjeK J

1 1 1
T < (2_§> Ej;jfrgzj:(aﬁrcg')

In general, the sum jex $; Will scale with & (independent
of the arbitra?ion scheme), and thus % > jek Si is effectively
constant and independent of the number of accelerators. Thus,
T, can be modeled as o, + %Be where «, = %ZEK s; and
Be =1 ;(aj +¢;). a and 3 are parameters dependent on
the workload, but crucially, not on the number of accelerators.

Job drain time with multi-tenant scheduling. We now turn
to the drain time in the multi-tenant scenario, denoted by
T),. The multi-tenant case differs from the exclusive setting
as the classical portion of the job can run in parallel, with
minimal delays for the queuing of the accelerated portion of
the workload, for example, see Figure 1. Thus the true run-
time is heavily dependent on the sequence of the accelerator

78

job arrivals at each of the distinct accelerators. If we denote the
total time that job j spends waiting in the accelerator queue by
g;, then T, = max{s; + a; + ¢; + ¢;} . However, we note
that this can be upper bounded by separating out the “classical
computation” and the accelerator costs, that is

T <max{s; +¢;} + max{a; +¢;}.

We note that queue times, g;, are maximized by the (unre-
alistic) scenario where all accelerator requests are placed in
the common queue immediately. Again applying the result of
Graham, this implies that

1 1\ 1
%zaj <max{a; +¢;} < (27 %> %Zaj.
j j

As a consequence, we can also model 7, as a,, + %5m.
Here, o, represents the maximum classical computation time
max {s; + ¢;} and % Bm represents the accelerator and queue
time component. «,, and (3,, depend on the precise work-
load (and load-balancing scheme) and are independent of the
number of accelerators.

Overall speedup with & accelerators. As a consequence, the
speedup for using k accelerators instead of a single accelerator
can be given by

a+fB 1
at+iBf  l—v+1y

(1)

where v = 8 (and « 1 — ) is a some workload and
scheduler dependent parameters that quantifies the proportion
of the overall workload which benefits from accelerator par-
allelism.

We note that this speed-up formalism can used to identify
the point of diminishing returns in terms adding accelerators.
Specifically, adding a new accelerator will increase speedup
by less than a factor of (1 + €) if the number of accelerators,
k, satisfies

1—v+ 7

)
L=y + 51
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We can solve this equation algebraically (by treating the
inequality as an equation at the balance point) to find the exact
number of accelerators k that represents this threshold, which

gives us
—1+4 /144200
k= <.

2(1—7)

(@)

Takeaway 2 : Using eq. (2), we offer a method to
provision a cluster with the right number of accelerators
for achieving a target performance level. Additionally,
optimization problems can be formulated to identify the
point of diminishing returns, as illustrated in fig. 5.

Relationship to existing speedup laws. We note that
although the speedup equation with k& accelerators, eq. (1),
has the same functional form as Amdahl’s law [23], it differs
fundamentally in both purpose and interpretation. Traditional
speedup laws focus on the parallelism of a single program. In
contrast, our model (i) is used to reason about the throughput
of jobs (i.e., the speedup of multiple applications scheduled for
execution); (ii) addresses system-level effects rather than just
program-level parallelism and overhead — multiple concurrent
jobs’ interactions and resource sharing, queue waiting times,
network topology impacts, and different accelerator access
modes (multi-tenant vs. exclusive).

Our parameters «, 3, and ~y capture job interaction patterns
rather than program parallelism. In particular, in neither
scheduling scenario does ~ correspond to the portion of the
workload which is accelerated. Specifically, in the exclusive
scenario 1 — y is the mean time before first accelerator call
compared to the all other compute and accelerator time. While
in the multi-tenant scenario, 7y is more complicated to interpret,
but can be thought of as measuring the relationship between
the total accelerator time for the workload and the maximum
classical work done by any job.

V. VALIDATION OF OUR ANALYTICAL MODEL

This section compares our analytical model results against
our simulation results and real system runs to ensure the
validity of our models. We use a combination of trend lines and
Z-scores to ensure that our model prediction are in acceptable
error margins.

Experimental Setup. We present projections from our model
for three representative classes of experiments. We present
simulated runs with the median ATTs of 100,000us and the
largest ATTs of 10,000, 000us.

Methodology. We fit our analytical speedup models to pre-
dict speedup from acceleration for a given configuration of
topology, workload distribution, ATT, and scheduling mode.
For homogeneous workload distributions, for example, if
we use two data points — the first with a single accelerator
and the second with two accelerators, we can compute the
speedup gained from the addition of a second accelerator as
follows: S = % where 17 is the execution time of a workload

with one accelerator, and 75 is the execution time of the same
workload with two accelerators. S can then be plugged into
our speedup equation with & = 2, and then solved for 7, which
gives us:

_25-2

S

For heterogeneous workload distributions, we use the ~
values obtained from their homogeneous constituents as a
simple weighted sum:
V= fracgraph (’Yg'raph)""fracml ('le)+f7'acphysics(7physics)
where frac, is the fraction of the application type z in the
total workload, and ~,, is the y value obtained from application
type z’s homogeneous workload runs. We can compute a
~ value for any workload distribution if their homogeneous
constituents’ ~y values are known.

After obtaining v and single accelerator execution time for
a configuration of topology, workload distribution, ATT, and
scheduling mode, we can use our speedup formulation given
by eq. (1) to compute the speedup S for k accelerators. To
obtain the execution time for k accelerators, we divide the
single accelerator execution time by S.

As one of our validation metrics, we used Z-Score to
calculate the variability of our experimental sets. The Z-score
metric is calculated by the formula z = (Zobservation — )/ 0,
and it presents how many standard deviations the observations
are away from the population mean. Thus, a score closer
to zero tells us that a set of experiments is being predicted
well despite the variability presented across other sets of
experiments. Finally, a score can be positive or negative if it is
below or above the mean. This method compares experimental
setups with intrinsically different statistical properties as long
as they follow normal distributions (as is our case with all
our different experimental combinations). We use the score to
compare the actual experimental mean against our predicted
observation mean when one experimental dimension is fixed.

In our experiments, we also evaluated other aspects, such as
accelerator and job placement, nearest accelerator scheduling,
and the effects of changing the amount of communication
between the accelerators and target apps. However, all of
these configurations, except the nearest accelerator scheduling,
resulted in little variance, leading to their ommision in our
results. Further, we only report our load-balanced schedule
since it outperformed the nearest-accelerator scheduling.

A. Simulated Runs

Model Accuracy. Figure 6a and Figure 6b visualize the
performance estimations of our analytical models on simulated
Dragonfly and Fat Tree topologies respectively for an ATT of
100K ps. The green and blue areas on the plots represent
the confidence intervals of the observed runs within one
standard deviation of the observed lines, which are means.
We observe a clear performance separation between multi-
tenant and exclusive scheduling modes until the very end
of the plot on Fat Tree, but there seems to be a saturation
point at six accelerators on Dragonfly, after which there
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Fig. 6. Model projections vs actual trend for simulated runs for moderate (100,000 ws) and large (10,000,000 ws) Accelerator Task Times (ATT).

is a significant overlap in performance with an increase in
accelerators. Our models track the real performance well, with
the most significant errors remaining under the one standard
deviation confidence interval.

Similarly, Figure 6c and Figure 6d visualize the same
information as above, but with large ATTs of 10,000, 000us.
There is no clear separation between multi-tenant and exclu-
sive scheduling modes in these plots, with a significant overlap
between their distributions. There is also no observable trend
difference between Dragonfly and Fat Tree runs. When work-
loads are accelerator-bound, multi-tenancy does not provide
any speedup. However, similar to the median ATT projections,
our model’s errors remain well under the confidence intervals.

Impact of experimental features on variability. Tables IV,
V, VI (sim rows), VIIa, and VIII (sim rows) represent the mean
Z-scores for different experimental parameters (i.e., number
of accelerators, workload distribution, topology, accelerator
intensity, and mode of execution), showing how well the
analytical model predicts performance across various system
configurations and workload characteristics for simulated runs.
This setup lets us see how the different features affect the
overall experimental variability by fixing one of the parameters
and seeing how the variability changes.

Dragonfly and Fat Tree configurations show similar predic-
tion accuracy (table IV), with mean Z-scores of -0.05 and -0.07
respectively, indicating consistent model performance across
network architectures. The impact of ATT duration (table V)
shows interesting patterns, with relatively stable predictions
(mean Z-scores between -0.01 and -0.04) for shorter ATTs
up to 100,000us, but slightly increased variability for longer
ATTs of 1-10 million ps (mean Z-scores of -0.11 to -0.13).
Table VI shows how the score changes when the number
of accelerators is fixed for the experiments. We start with
perfect predictions with slight increases in error as we increase
the number of accelerators (although with small magnitudes).
The scheduling mode analysis (table VIIa) demonstrates that
exclusive scheduling predictions (mean Z-score -0.03) are
marginally more accurate than multi-tenant predictions (mean
Z-score -0.09). Across different workload distributions, the
model maintains consistent accuracy (table VIII) with mean
Z-scores around -0.06, with slightly higher variability for
machine learning workloads (-0.08). The overall trend in
both the trend lines and the Z-scores showcase a great

TABLE IV. SIMULATION: MEAN OF Z SCORES GROUPED BY TOPOLOGY

dragonfly  fattree
m -0.05 -0.07
o 0.14 0.12

TABLE V. SIMULATION: MEAN OF Z SCORES GROUPED BY ATT

le+01 le+02 le+03 le+04 le+05 le+06  Se+06 le+07
m -0.04 -0.01 -0.02 -0.02 -0.03 -0.13 -0.11 -0.11
o 0.07 0.07 0.08 0.07 0.07 0.19 0.16 0.19

TABLE VI. SIMULATION VS. REAL:
MEAN OF Z SCORES GROUPED BY NUMBER OF ACCELERATORS

1 2 3 4 5 6 7 8
g p 000 -0.00 -0.01 -0.04 -0.06 -009 -0.15 -0.14
» o 0.00 0.03 0.05 0.07 0.10 0.13 0.20 0.20
= @ 000 -0.02 -005 -005 -006 -007 -0.06 -0.06
& o 000 0.06 0.09 0.08 0.11 0.11 0.12 0.13

TABLE VII. SIMULATION VS. REAL:
MEAN OF Z SCORES GROUPED BY ACCELERATOR MODE

(a) Simulation (b) Real

exclusive multitenant exclusive multitenant
m -0.03 -0.09 m -0.07 -0.02
o 0.12 0.14 o 0.12 0.06

TABLE VIII. SIMULATION VS. REAL:
MEAN OF Z SCORES GROUPED BY WORKLOAD DISTRIBUTION

Physics ML Graph M. Phys M. ML M. Graph Equal
g ©  -0.06 -0.06 -0.06 -0.06 -0.08 -0.06 -0.06
n o 0.14 0.14 0.14 0.13 0.12 0.13 0.11
= u  -0.03 -0.12 0.01 -0.05 -0.14 -0.02 0.03
g o 0.02 0.16 0.06 0.04 0.08 0.07 0.05

fit of the modeling data to the simulation results. Even
when variability is high, the absolute variability among
all dimensions is still relatively low across all datasets.

B. Real System Experiments

We conducted our next validation experiments on a system
comprising 48 nodes, each equipped with an Intel(R) Xeon(R)
Gold 6126 CPU running at 2.60GHz and 192 GB of RAM,
with a Fat Tree network topology, interconnected via an EDR
100G InfiniBand fabric. For these experiments, we used the
same applications as in our simulations, with 100s ATT. Note
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Fig. 7. Model Projections vs Actual Trend on a real system (ATT = 100 us)

that we use simulated network accelerators in this setup by
designating some nodes as accelerators.

Model Accuracy. Figure 7 illustrates performance projections
versus actual trends on the real system using up to eight
accelerators. These experiments were conducted on 32 nodes,
compared to 512 and 686 nodes for the simulated Dragonfly
and Fat Tree experiments. We observe that, there is a clear sep-
aration in performance until four accelerators, beyond which a
significant overlap in performance occurs. The performance of
multi-tenant mode saturates at a count of one accelerator, with
no noticeable improvements in performance after that. Here, it
also shows a much higher variability in runtime compared to
the simulated versions of these runs, likely owing to network
interference and other effects on real systems. Similar to the
simulated runs, our models perform just as well in estimating
performance on real system runs.

Impact of experimental features on variability. As with
the simulated results in Section V-A, we collected the z-
scores across all the experiments to test their variability (Tables
VIIb, VIII, and VI (rows/columns annotated with “real”)).
While maintaining similar magnitude of prediction errors, the
real system shows distinct behavioral patterns across different
parameters. The workload distribution analysis (Table VIII)
shows varying accuracy levels, with graph analytics achiev-
ing the best predictions (mean Z-score 0.01) and machine
learning workloads showing higher variability (mean Z-score
-0.12). Multi-tenant scheduling performs better than exclusive
scheduling in real environments, with mean Z-scores of -0.02
and -0.07 respectively (Table VIIb). The accelerator scaling
pattern (Table VI) differs from simulations, showing more
stable predictions with increasing accelerator counts (Z-scores
ranging from 0 to -0.07). The increased variability in real
system results can be attributed to network interference
and system effects not present in simulations, though
the overall trends and magnitudes remain comparable to
simulation results.

VI. DiscussIioN

While the results from Section III highlight the benefits of
multi-tenancy, the resulting equations from Section IV make
such observations actionable. In particular, they provide a way
to quantitatively reason about the trade-offs in performance
across the scheduling paradigms for different machine configu-

rations given the typical properties of a cluster’s workload (i.e.,
maximum and average times for startup, ATT, and classical
compute time). Given a workload and scheduling strategy,
these results can be used to better understand the ideal number
of accelerators for a cluster and to compare the average
slowdown per job with the change in throughput. Further,
by approximating -, our model becomes pseudo-analytical,
integrating runtime, hardware, and job characteristics into our
equations, providing more accurate estimates for performance.
While our analytical model is critical during the planning
phase before standing up a cluster, the pseudo-analytical
model provides a path for upgrading an existing cluster or
bootstrapping existing job schedulers. We believe these types
of analysis will help to explore the impacts of workloads and
job scheduling on TCO, cluster configuration, and resource
provisioning, among other key metrics.

VII. RELATED WORK

Previous studies [24], [25] examined multi-tenancy for
quantum accelerators with a focus on a single workflow. In
contrast, our approach takes a more abstract and generalized
view of accelerators, emphasizing the modeling of system
throughput for jobs that do not require detailed simulations
at the accelerator level.

The research presented in [26] provides a detailed examina-
tion of performance variability in a Cray XC Aries dragonfly
network, and use this data to develop a machine learning-based
performance forecasting model.. While our study shares some
similarities with their approach, we distinguish ourselves by
considering both exclusive and multi-tenant modes, thereby
exploring the advantages of multi-tenancy. Furthermore, our
predictive model is analytical in nature, offering a more com-
putationally efficient alternative to the attention-based models
employed in [26].

The study in [27] showcases the impact of multi-job work-
loads in Fat Tree networks. They use the simulation infras-
tructure Trace-CODES to explore design decisions (such as
link bandwidth, number of rails, and number of planes, among
others). They discovered that increasing bandwidth has limited
gains when considering the computation length. They conclude
that performance is affected by workload composition and that
dual rail networks help with the degradation due to inter-job
interference. This research aims to characterize and explore
design decisions from the hardware perspective; we focus on
the scheduling and prediction of performance in the face of
heterogeneity and multitenancy from a system perspective.

Researchers in [28] created ML-based models based on
gradient-boosted trees and forests of highly randomized trees
to predict communication-heavy workloads’ execution time.
Moreover, their consequent analysis allowed them to identify
the most relevant features and hardware components affecting
network congestion and runtime. This analysis relied on post-
mortem logs (not simulated results), and they do not consider
the multi-job, heterogeneity, or multi-tenancy, as we do.

[29] shows an in-depth study of how parallel jobs are
affected by job placement and message routing strategies. They
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build a novel model to predict the traffic of individual links
for different routing strategies. Their model provides a detailed
view of link usage, and their experimentation focuses on Drag-
onfly and routing algorithms, plus job placement. However,
our analysis and model considers the whole (heterogeneous)
system view focusing on workloads and their interactions.

VIII. CONCLUSION

Emerging high-performance computing (HPC) systems are
increasingly incorporating a variety of accelerators beyond
traditional GPUs and FPGAs. To address the modeling needs
for system-level cluster analysis, we present a novel analytical
model and validation that projects the performance work-
loads with cluster configurations. We conducted a study with
three classes of applications focusing on interleaved execution
phases for a specific average turnaround time (ATT) and
explores the benefits of multi-tenancy on system utilization.

To our knowledge, this is the first study to propose an ana-
Iytical model for emerging multi-accelerator systems, demon-
strating how various factors influence job performance. Our
model aligns well with both simulation data and real-world
experiments, showing slightly higher variance in real scenar-
ios. This work paves the way for future research, including
efforts to reduce prediction errors in the model and expand
the testbed scale, enhancing our understanding of workload
optimization and cluster balance.
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