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Abstract—In this article, we propose a novel resource man-
agement technique for heterogeneous supercomputing systems af-
fected by manufacturing variability. Our proposed technique called
VAHRM (Variation-Aware Heterogeneous Resource Management)
takes a holistic approach to job scheduling on highly heterogeneous
computing resources. VAHRM preferentially allocates energy-
efficient computing resources to an energy-consuming job in a job
queue, considering the impact on both the job turnaround time and
the power consumption of individual resources. Furthermore, we
have developed a novel approach to modeling the power consump-
tion of computing resources that have manufacturing variability.
Our approach called TSMVA (Two-Stage Modeling with Variation
Awareness) enables us to generate the first variation-aware GPU
power models, which can correctly estimate the power consump-
tion of each GPU for a given job. Our experimental results show
that, compared to conventional first-come-first-serve (FCFS) and
state-of-the-art variation-aware scheduling algorithms, VAHRM
can achieve respective improvements in system energy efficiency of
up to 5.8% and 5.4% (4.5% and 4.2% on average) while reducing
the average turnaround time of 21.2% and 11.9 %, respectively, for
various workloads obtained from a production system.

Index Terms—Heterogeneous systems, job scheduling, manu-
facturing variability, power models, energy efficiency.

1. INTRODUCTION

O ACHIEVE high-performance computing capabilities,
modern supercomputing systems consume a significant
amount of power. An example is the Frontier supercom-
puter, which achieves 1.1 EFLOPS at a power consumption of
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21.1 MW [1]. Since a system with higher power consumption
incurs a higher operational cost, reducing power consumption
while maintaining system performance is an important opera-
tional issue in many production systems [2], [3], [4], [5], [6],
[7]. To improve system’s energy efficiency, we need to make
use of the power of computing resources such as CPUs and
accelerators more effectively because they consume a large
fraction of system power. It has been reported that the ratio of
the power consumption of computing resources to the overall
system power consumption is about 60% in a system without
accelerators [8], and this number is expected to substantially
increase if a system is equipped with many accelerators.

An effective approach to improving energy efficiency is to
manage computing resources while considering the power-
efficiency variation among them. Because a typical supercom-
puter is composed of identical compute nodes in the same
stock-keeping unit, it is assumed that these nodes have iden-
tical power-efficiency characteristics for a given application.
However, the compute nodes used in a production system often
exhibit wide variations in power efficiency due to manufacturing
variability [9], [10], [11], [12], [13], [14], [15], [16]. For exam-
ple, Inadomi et al. showed that the power consumption of 1,920
CPU and DRAM modules in the HA8K supercomputer varied
by 30% and 184%, respectively, when even running the same
DGEMM program [17]. We note that performance variation
among compute nodes is negligible in many cases.' Based on
this observation, variation-aware resource management tech-
niques such as variation-aware job schedulers have been devel-
oped [18], [19], [20], [21]. However, all of these techniques only
consider the variation in a single type of resource (i.e., CPUs),
and the best way to manage inherently heterogeneous resources
(e.g., CPUs plus GPUs) while considering their own variations
has not yet been established.

In this paper, we propose VAHRM (Variation-Aware Hetero-
geneous Resource Management) to improve the energy effi-
ciency of heterogeneous supercomputing systems. Nowadays,
many production systems employ accelerators (e.g., nine out
of the top 10 high-performance computing systems use GPUs
as of November 2023 [1]), which have their own variation in
power efficiency [22], [23], [24]. Since a typical heterogeneous

! The performance variation between compute nodes is caused by frequency
throttling associated with power capping (i.e., the clock frequency in a compute
node is degraded when a running application hits the power limit), but this rarely
happens in production systems during normal operation.
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system has a larger number of accelerators, each consuming
more power than a CPU, the resource manager should allocate
computing resources to a job while minimizing the impact of
the power-efficiency variation among accelerators in addition to
among CPUs. VAHRM achieves this by combining a holistic
approach to variation-aware job scheduling in heterogeneous
systems with the very accurate power models created by Two-
Stage Modeling with Variation Awareness (TSMVA).
The main contributions of this study are as follows.
® We developed Variation-Aware Heterogeneous Resource
Management (VAHRM), a novel resource management
technique for heterogeneous supercomputing systems,
which suffer from manufacturing variability.
® We developed Two-Stage Modeling with Variation Aware-
ness (TSMVA), a novel approach to modeling the power
consumption of computing resources that have manufac-
turing variability. With this approach, we created the first
variation-aware GPU power models, which enable a re-
source manager to estimate the power consumption of each
GPU for a given job before execution.

* We showed that VAHRM had a great ability to im-
prove the energy efficiency of a heterogeneous system.
Our experimental results show that, compared to con-
ventional first-come-first-serve (FCFS) and state-of-the-
art variation-aware scheduling algorithms, VAHRM can
achieve respective improvements in both system energy
efficiency of up to 5.8% and 5.4% (4.5% and 4.2% on
average) and average turnaround time of 21.2% and 11.9%,
respectively, for various workloads obtained from a pro-
duction system. We note that the saving of system energy
of 5% is significant because it corresponds to a reduction
in an electricity bill of $1 million per year in a system
consuming 20 MW.

® We showed that our power models generated by TSMVA

had a high ability to predict the power consumption of both
CPUs and GPUs for various applications. Our experimental
results show that our models can make predictions with
errors of 1.54% and 3.05% on average for 48 CUDA
kernels executed on 256 NVIDIA P100 and V100 GPUs,
respectively, and with an error of 1.69% on average for 11
kernels executed on 128 Intel Xeon CPUs.

The remainder of this paper is organized as follows. First,
we describe the background of this study in Section II. Next,
we propose VAHRM and TSMVA in Sections III and IV, re-
spectively. Then, we present the experimental setup and results
in Sections V and VI, respectively. We summarize the related
work in Section VII, and present the conclusions of this study
in Section VIIL.

II. BACKGROUND

A. Impact of Manufacturing Variability in Supercomputers

Many researchers have reported that production systems show
power-efficiency variation across hardware components in the
same stock-keeping unit. Rountree et al. executed six NAS Par-
allel Benchmark applications on CPUs in both 32- and 137-node
clusters, and reported that these CPUs showed differences of up
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to 10 W in power consumption [15]. Inadomi et al. investigated
1,920 CPU and DDR3 DRAM modules in the HA8K supercom-
puter and found that these modules had differences of up to 184%
in power consumption [17]. Hackenberg executed an application
on each node in two different supercomputers (SuperMUC and
Taurus) and showed that these nodes had power differences
of up to 41 W [12]. Marathe et al. showed an increase in the
energy-efficiency variation of CPUs by executing various HPC
applications in three supercomputers, each having a different
CPU architecture [14].

It has also been reported that the power efficiency of GPUs
is affected by manufacturing variability. Patki et al. executed a
molecular dynamics application on 196 NVIDIA V100 GPUs
with power/frequency capping in the Lassen supercomputer
deployed at LLNL. They showed that there were differences
of up to 1.2x and 2.0x in GPU clock frequency and power
consumption, respectively [23]. Yoshida et al. executed 48
CUDA kernels on 856 devices selected from three generations
of NVIDIA GPUs (P100, V100, and A100) and showed that the
power-efficiency variation was strongly affected by both the ker-
nels currently running and the GPU generation [22]. Sinha et al.
executed five GPU applications in five supercomputing systems
and showed that these systems showed variations of 20% —104%
in the power efficiency of GPUs [24].

Some supercomputers use FPGA cards as accelerators. For
example, the Noctua 2 supercomputer operated at Paderborn
University has a subsystem composed of 36 compute nodes,
each having multiple Xilinx Alveo U280 or Intel Stratix 10
FPGA chips [25]. The Cygnus supercomputer at the University
of Tsukuba has an Albireo subsystem composed of 80 compute
nodes, each having two Intel Stratix 10 FPGA chips in addition
to four NVIDIA V100 GPUs [26]. To the best of our knowledge,
the power-efficiency variation among FPGA chips has not been
reported yet, but we believe that each FPGA chip has its own
power-efficiency characteristics because it is also affected by
manufacturing variability.

B. Variation-Aware Resource Management

The existence of power-efficiency variation has motivated
many researchers to develop various variation-aware resource
management techniques. Chasapis et al. proposed new job
schedulers to improve the energy efficiency of supercomput-
ers with power-efficiency variation between CPUs [19]. They
extended SLURM [27] to a variation-aware job scheduler using
two variation-aware CPU power models, which are described
in Section II-C. Their experimental results showed that their
scheduler achieved energy savings of up to 5.5% and 3.0%
on average when compared with a variation-unaware scheduler
based on SLURM. Zhou et al. proposed another variation-aware
job scheduler that makes scheduling decisions using a com-
binatorial optimization algorithm [28]. Totoni et al. proposed
an integer-linear-programming-based framework that allocates
cores to threads while considering the core-to-core variation
within a CPU [21]. Shoukourian et al. proposed a configura-
tion adviser to select the most energy-efficient combination of
compute nodes and CPU frequencies for a given application
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while considering the power-efficiency variation between CPU
nodes [20].

These previous studies demonstrate that variation-aware
resource management is helpful in improving the energy-
efficiency of some production systems, but unfortunately, their
research focus is limited to situations in which a system has
a single type of variation (i.e., the power-efficiency variation
among CPUs or cores). This is not applicable to today’s highly
heterogeneous systems, which are designed to have multiple
types of computing resources initially, each individually affected
by a different manufacturing process. The resource managers
used in such systems need to take into account the multiple
variations existing in different types of computing resources for
further improvements in energy efficiency.

C. Variation-Aware Power Modeling

To our knowledge, only one previous study has developed
two variation-aware power models called the Power Ratio and
Variability-Trained Prediction models for CPUs [19]. Both mod-
els assume that the weighted sum of the activity ratio of each
hardware component (e.g., ALU) within a CPU forms the overall
power of the CPU. The activity ratio of each hardware compo-
nent for a given application is computed with the performance
monitoring counter (PMC) profiles obtained through the execu-
tion of the application on a single reference CPU, and the weight
values are trained using regression analysis. The two models
differ in terms of training and prediction methods. The Power
Ratio model predicts the power of each CPU by multiplying a
CPU-specific power ratio with respect to a reference CPU with
the value predicted by a reference power model. The reference
power model is trained with sample PMC profiles obtained
through the execution of some reference applications on the
reference CPU. In contrast, the Variability-Trained Prediction
model predicts the power of each CPU with a power model
trained with sample data obtained through the execution of the
reference applications on the CPU. It was reported that both
models achieve an average error below 10% for 12 single-CPU
applications executed on 256 CPUs.

The energy-efficient management of heterogeneous comput-
ing resources requires precise variation-aware power models
for accelerators in addition to CPUs. However, to the best
of our knowledge, no researcher has developed such models
for accelerators, including GPUs. We therefore propose a new
variation-aware power modeling technique, which is available
for both CPUs and GPUs.

III. VARIATION-AWARE JOB SCHEDULING IN HETEROGENEOUS
SYSTEMS

A. Prerequisites

The following three types of jobs are executed in supercom-
puters equipped with accelerators.
CPU jobs Perform all computation only on CPUs.
Accelerator jobs  Perform the main computation on a single
type of accelerator (e.g., GPUs). The other
type of accelerator (even if available) is not
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used for computation. CPUs are mainly used
to control the accelerators and perform inter-
node communication.

Perform the main computation on 2+ types of
computing resources (e.g., CPUs and GPUs)
simultaneously.

Hybrid jobs

Because it is not easy for application developers to write
programs that are executed on multiple types of computing
resources concurrently, hybrid jobs are rarely executed on het-
erogeneous supercomputers. In this paper, we therefore assume
that only CPU and accelerator jobs are submitted to a job
scheduler. Nevertheless, we note that our algorithm, presented
in Section III-C, can be easily extended to scheduling hybrid
jobs.

In addition, we assume that all jobs are exclusively executed
each other on the dedicated compute nodes. Like many job
schedulers used in production systems, our job scheduler pro-
hibits multiple jobs from concurrently sharing the same compute
nodes for performance reproducibility. We assume that CPUs
in compute nodes allocated to accelerator jobs consume idle
power during execution. This is because such jobs mainly use
the accelerators within the nodes and the CPUs maintain an idle
state most of the time. We assume that the power of each CPU
and accelerator is modeled in a training stage, which is executed
during the acceptance testing of a production system.

Many production systems have their own power budgets and
need to keep their power consumption under the limit during op-
eration. To achieve this task, some power-aware job schedulers
have been proposed that manage not only computing resources
but also power pudgets [19], [29], [30], [31], [32]. In this paper,
we consider a situation in which a system has only a system-wide
power budget (i.e., no power capping is executed for nodes)
and the system’s power consumption is allowed to exceed the
power budget instantaneously. This assumption was also used
in previous work [19].

B. Scheduling Policy

To reduce the system energy, we allocate compute nodes to
jobs in a greedy manner. More specifically, we pick up a job
with the highest energy consumption from the job queue and then
allocate the required number of free nodes to it in order of lowest
power consumption. This assumes that we save more overall
system energy by saving the energy of more energy-consuming
jobs. The energy consumption of a job is computed using the
power models described in Section IV. These models are also
used to predict the power consumption of each node if the job
runs on the node. We note that the types of jobs do not affect
the scheduling results. Regardless of whether the job is a CPU
or accelerator job, the most energy-consuming job has the top
priority. For this, we manage submitted jobs with a single job
queue, but our proposed approach can be extended to systems
composed of multiple job queues that have their own computing
resources.

Our scheduling policy ignores the job submission order. It
allows a job to be executed before the execution of the preceding
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Fig. 1. Flow of job scheduling in VAHRM.

jobs in the job queue, thereby increasing both node utiliza-
tion and energy efficiency. This policy, however, increases the
turnaround time of jobs with small energy consumption because
such jobs are frequently overtaken by subsequent jobs with high
energy consumption. To improve the turnaround time of jobs,
we need to raise the priority of a job that has been kept waiting
in the job queue for a long time. For this, we use the following
formula to determine the priority of a job.

Pj=pBxE;+(1-8)xW; ¢))

where P;, I/;, and W; represent the priority, estimated energy
consumption, and waiting time (i.e., the elapsed time from
submission) of a job j, respectively. To compute E;, we assume
that we can know the execution time of each job before execu-
tion because the execution time of parallel applications can be
predicted with high accuarcy [33], [34]. (3 is a weight parameter
balancing the system energy efficiency and job turnaround time.
The value of [ is in the range 0.0-1.0. The closer [ is to 1.0,
the more energy-efficient a targeted system becomes, whereas
the closer it is to 0.0, the smaller the job turnaround time. We
assume that the value of 3 is determined through the operational
test of a production system.

Under this scheduling policy, the execution of jobs requesting
many nodes is sometimes greatly delayed because a sufficient
number of nodes are rarely released and the remaining available
nodes are preferentially used by subsequent jobs that request
a few nodes. To avoid this situation, we set the upper limit of
waiting time (e.g., one week) for each job. If the waiting time of
a job exceeds the above limit, our scheduling system stops the
algorithm shown in Fig. 1 until the assignment of the unmovable
job and then restarts the algorithm after the assignment. We note
that no job hits the above limit during our experiments shown in
Section VI-C.

C. Scheduling Algorithm

The flow of our job scheduling algorithm is shown in Fig. 1.
When one or more running jobs terminate execution or a new job
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is submitted to the job queue, our algorithm tries to allocate free
compute nodes to the jobs in the job queue using the following
eight steps.

STEP 1: We first compute the priority of each job in the job
queue using (1). For a job of which the PMC profile has
not yet been collected, our power model cannot predict the
power consumption. In this case, we assume that the power
consumption of the job is equal to the product of the TDP of
a node and the requested node count. In addition, we create
a new empty priority queue and then add all jobs in the job
queue to the new priority queue in priority order.

STEP 2: If the priority queue is empty or there is no free node,
we stop the job scheduling.

STEP 3: We take a job from the head of the priority queue. The
job is referred to as J,,.

STEP 4: We check the availability of nodes. If the number of
nodes requested by J,, is greater than the number of available
nodes, we jump to Step 9.

STEP 5: 1If J, is not first run, that is, our scheduling system

has the PMC profile for J,, we select candidate nodes to
be allocated to J, as follows. First, we estimate the power
consumption of each available node when J, is executed
on that node. The prediction for .J, is executed with the
corresponding PMC values recorded in the job scheduling
system and the CPU or GPU power models generated by the
method described in Section IV.2 Next, we sort the available
nodes in ascending order of power consumption, and take the
same number of nodes as the requested node count from the
head of the sorted list of available nodes.
On the other hand, if J, is first run, we assume the power
consumption of a node for .J, as the TDP so as not to exceed
the system power constraints and select candidate nodes to be
allocated to J, randomly.

STEP 6: We check power availability. If the system exceeds a
given power constraint when executing .J, on the candidate
nodes, we jump to Step 9.

STEP 7: 1If J, is first executed, the PMC profile is collected on
the candidate nodes. Since the parameters of our model are
normalized by the number of instructions per second, as de-
scribed in Appendix, available online, it is sufficient to obtain
a value corresponding to the profile of the first few iterations of
the job (i.e., profiling the entire job is unnecessary). Therefore,
the performance overhead of profiling is marginal.

STEP 8: We assign the candidate nodes to .J, and remove .J,
from the job queue.

STEP 9: We remove J, from the priority queue and then return
to Step 2.

Step 5 requires an accurate power model of each computing
resource to predict the power consumption for a given job;
however, no variation-aware power model has been developed
for accelerators, as described in Section II-C. Because many
supercomputing systems use GPUs as accelerators, establishing

2 Scheduling hybrid jobs requires both CPU and GPU power models. This
allows the power consumption of a job to be estimated by summing the predicted
values from both the CPU and GPU power models. For CPU and GPU jobs, on
the other hand, one of CPU and GPU power models is used.
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Fig. 2. Execution time overhead of VAHRM.

job scheduling for GPU-based supercomputing systems is an
important first step for managing various types of computing
resources in heterogeneous systems. For this, we developed
variation-aware GPU power models in this study.

We note that the performance overhead of VAHRM is quite
small, though it depends on the number of jobs in the job
queue. Fig. 2 shows the execution time overhead of VAHRM.
The horizontal and vertical axes of this figure represent the
number of jobs in the job queue and the execution time of
VAHRM, respectively. This figure shows that the execution
time of VAHRM increases as the number of jobs in the queue
increases; however, the performance overhead of VAHRM is
about 0.03 seconds even when there are about 2,000 jobs in the
queue. This overhead is only 3% of the scheduling interval (i.e.,
1 s) and therefore acceptable for many supercomputing users.

The figure also shows some outliers in the region of 1-500
jobs. They are affected by other processes because VAHRM is
executed on a login node. Even in such an exceptional case, our
VAHRM shows a performance overhead of only 1 s.

The energy overhead of VAHRM is negligible because our
VAHRM needs to modify only the scheduler program that is
typically executed on a login node. The modified program itself
has no additional impact on the energy consumption of CPUs
and GPUs on compute nodes.

As mentioned in Section III-B, our scheduling policy ignores
the order in which jobs are submitted, which may delay the start
time of the execution of many jobs. Fig. 3 shows the relationship
between the number of nodes requested in each job and the
waiting time in VU-FCFS-B (see Table V) and VAHRM. This
figure indicates that VAHRM tends to show shorter waiting time
for jobs requesting a small number of nodes compared to the
VU-FCFS-B, whereas waiting time for jobs requesting a large
number of nodes is longer (up to 18 times). However, we note that
not all large jobs are delayed in execution. More specifically, we
analyzed waiting times of jobs requesting more than 15 nodes,
and found that some jobs run shorter waiting times than with VU-
FCFS-B and the average relative waiting time in this case was
0.99. In addition, even when the execution of a job is delayed,
the waiting time is within 24 hours.

Based on these observations, we believe that VAHRM’s strat-
egy has a limited impact on the system performance and would
be acceptable to many HPC users. Even if this policy were not
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Fig. 4. Overview of proposed approach to modeling the power consumption
of computing resources affected by manufacturing variability.

acceptable, VAHRM allows us to reduce the waiting time for
jobs with a large number of nodes by setting the variable 3 close
to 0, in exchange for the reduction in energy saving.

IV. TWO-STAGE POWER MODELING WITH VARIATION
AWARENESS

A. Overview

We propose a novel approach to modeling the power con-
sumption of computing resources affected by manufacturing
variability. Our proposed approach, which was inspired by
gradient boosting [35], trains multiple models in an additive
manner and uses the sum of the outputs of the trained models
as the final output of the prediction, as shown in Fig. 4. Unlike
traditional gradient boosting, our approach uses a strong learner
like a random forest for each model and trains the first model
with intermediate goals given explicitly. This approach enables
us to generate very accurate models that predict the power
consumption of computing resources affected by manufacturing
variability.

Our approach is built on the assumption that the power con-
sumption of aresource (CPU or GPU) affected by manufacturing
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variability consists of the baseline (average power consumption
over all CPUs or all GPUs in the targeted system) and deviation
components. This can be represented as follows.
i _ pCPU|GPU i
P = B; + D; 2)

where P; represents the power consumption of the resource ¢ for

the application 7, BJ-CPU‘GPU represents the baseline component

of CPU or GPU for the application j, and D; represents the

deviation component of the resource 7 for the application j,

respectively. We note that BJCPU‘GP v

P P
BJ-C U|GPU

is independent of the

resource <. Specifically, can be defined as follows.

CPU|GPU _ 1 NCPUIGPU
B; ~ NCPU|GPU D=1 P S

where NCPUIGPU represents the number of CPUs or GPUs.

Based on this assumption, our approach uses two models to
predict the power consumption of each computing resource .
These models are trained in the following two stages individu-
ally.

CPU|GPU
; for

STAGE 1: We train the first model to output B;
CPU|GPU

any application j. Because B; does not depend on
individual resources, this stage is executed once per resource
type (i.e., once the training for a resource is completed, the
trained model can be used to predict the power consumption
of the same type of other resources).

STAGE 2:  We train the second model to predict the difference
in power consumption between the values predicted by the
first model and the values measured on the target resource.
That is, the second model is trained to produce (P} — f1(x;)),
where x ; represents the explanatory variables of the applica-
tion j and fi(x;) represents the output of the first model
for ;.

When predicting the power consumption of resources, we
use the two models additively. The final prediction for the
application j running on the resource ¢ (denoted yj-) can be
expressed as follows.

y; = fi(zj) + fa(xs) (4)

where fo(x;) represents the output of the second model for x;.

B. Implementation Details

Although many researchers use linear regression to model the
power consumption of computing resources [19], [36], we use
random forests because they show a higher prediction accuracy
than linear regression for many tasks. Similar to the previous
work [19], [36], we use PMC profiles as input to our models,
assuming that the power consumption of a computing resource
depends on the activity of the hardware components (e.g., the
cores and memories) within the resource when running an appli-
cation. However, the definitions of the explanatory variables are
different between the types of computing resources (i.e., CPUs
and GPUs). This is because the PMCs available depend on the
resource types.
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To collect ground truth data (P}), we executed a set of test
applications on each computing resource. The details of the test
applications are described in Section V-E. We also executed the
same applications on a computing resource to collect the PMC
profiles and then convert them to x;.

Our GPU power model consists of six explanatory variables.
Three of the six variables are associated with cores (i.e., the
number of INT, FP32, and FP64 instructions executed), while
the rest are related to memories (the number of GPU, shared,
and texture memory accesses). Similarly, our CPU model has
six explanatory variables. Three of the six variables are related
to cores (the number of instructions, I-TLB loads, and branch
misses executed), while the rest are related to memories (D-TLB,
L1 data cache, and LLC accesses). When converting PMC
profiles to explanatory variables, the corresponding PMC values
are normalized to the execution time of the application. For
further details, please refer to Appendix, available online.

V. EXPERIMENTAL SETUP
A. Simulator and System Configuration

Our experiments are carried out mainly with a simulator, as
well as the only comparable previous study [19]. This is because
simulation experiments enable us to perform a comprehensive
evaluation of VAHRM for various experimental conditions at a
realistic cost, so that we can obtain more statistically reliable
data. Our simulation results are validated with a real system in
Section VI-B.

We use an in-house simulator that mimics the behavior of a
job scheduler in a production system at a time step of one second.
Our simulator precisely computes the timings of the submission,
execution, and termination for each job with various schedul-
ing algorithms while feeding a scheduler’s log produced by a
production system, and then outputs the system throughput, job
turnaround and waiting times, and system’s energy consumption
for the given workload. We ignored the time required for a job
scheduler to make a scheduling decision because it is relatively
small compared to our simulation time step. We also ignored
the impact of scheduling algorithms on the energy consumption
of a node on which a job scheduler is executed. This is because
the energy consumption of the scheduler node is substantially
smaller than that of the compute nodes.

Our simulator has two parameters that affect the results of
job scheduling. One is shrink ratio of job submission time (SR),
whereas the other is system’s power constraint ratio (PCR). The
details of these parameters are described in Table I.

We use the TSUBAMES3.0-like system [37] shown in Table II
as a targeted system. We assume that CPU and GPU consume
40 W and 60 W during idle state, respectively. As a result, our
targeted system consumes 172.8 kW in total in case that all
compute nodes are idle.

B. Workloads

‘We use nine workloads shown in Table III. They are composed
of three workload groups having different ratios of CPU and
GPU jobs (1:9, 5:5, and 9:1), and each group consists of three
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TABLE I
SIMULATION PARAMETERS

Parameters | Description

SR (shrink ratio of job submission time)

It adjusts the submission time between jobs. The job submission time recorded in a given log file is
divided by this ratio. The higher this ratio, the busier the system becomes.

PCR (system’s power constraint ratio)

Ratio of the power constraint of the entire system to the TDP. The larger this value, the more jobs can
be executed simultaneously.

TABLE V
JOB SCHEDULING SYSTEMS

TABLE II
SYSTEM CONFIGURATION

Number of compute nodes | 540
CPU per node 2x Intel Xeon E5-2680 (120 W TDP)
GPU per node 4x NVIDIA Tesla P100 (300 W TDP)
TDP 780 kW

TABLE III

WORKLOADS

ID [ Job ratio (CPU:GPU) | Average power consumption

0 9:1 Small
1 9:1 Medium
2 9:1 Large
3 5:5 Small
4 5:5 Medium
5 5:5 Large
6 1:9 Small
7 1:9 Medium
8 19 Large
TABLE IV

POWER CONSUMPTION OF JOBS

ID [ Job type [ Typical power consumption per node [W]

1 CPU 169
2 CPU 206
3 CPU 245
4 GPU 251
5 GPU 597
6 GPU 1095

workloads, each having its own job mix. More specifically,
we create each workload by differently mixing three CPU and
three GPU jobs with different (small, medium, and large) power
consumption shown in Table IV. For example, 90% and 10%
of the jobs in the workload 0 are CPU and GPU jobs that
consume 164 W and 251 W per node, respectively. We note
that all jobs that have the same job ID show identical power
consumption per node, but the execution time and the number
of nodes requested are different among the jobs. As for the
submission and execution times and the requested node counts
of jobs, we use the information recorded on a scheduler’s log in
TSUBAME3.0. We use the 10,000 job records written in June
and July 2019.

We also note that the power consumption shown in the table
is a typical value, and the actual values depend on the com-
puting resources used for execution. We give a more detailed
explanation of our power simulation in Section V-D.

C. Job Scheduling Systems

We test eight job scheduling systems including VAHRM. Two
of the eight scheduling systems are VAHRM, and each of the two
uses a different model to predict the power-efficiency variation

Name
VU-FCFS

Description

Variation-Unaware FCFS. It allocates com-
pute nodes to jobs in an FCFS manner.
VU-FCFS with backfilling
CPU-Variation-Aware FCFS, as proposed
in the previous work [19]. Power-efficient
nodes are allocated to CPU jobs, while
randomly-selected nodes are allocated to
GPU jobs. All jobs are handled in an FCFS
manner.

CVA-FCFS with backfilling
CPU-and-GPU-Variation-Aware FCFS. Any
type of job uses the most power-efficient
free nodes. All jobs are handled in an FCFS
manner.

CGVA-FCFS with backfilling

VAHRM plus power models built by
TSMVA

VAHRM plus the ideal power model. Pre-
dicted power consumption has no error.

VU-FCFS-B
CVA-FCFS

CVA-FCFS-B
CGVA-FCFS

CGVA-FCFS-B
VAHRM+TSMVA

VAHRM+IDEAL

between GPUs or CPUs. Four out of the eight are the exist-
ing scheduling systems. Two of the four are conventional and
unaware of the power-efficiency variation between computing
resources, whereas the others are state-of-the-art and take only
the power-efficiency variation between CPUs into account. The
rest are the extensions of the state-of-the-art to consider the
power-efficiency variation between GPUs in addition to CPUs.
The details of the job scheduling systems we use are summarized
in Table V.

D. Power Simulation

We model the power-efficiency variation between GPUs in
the targeted system as follows. First, we select three kernels with
different power consumption from 48 diverse kernels shown in
the paper [22] as the GPU jobs shown in Table IV. Second, we
measure the power consumption of 256 GPUs in TSUBAME3.0
with nvidia-smi by executing these kernels on each GPU. We
use the resulting values as the power consumption of 256 out of
2,160 GPUs in the targeted system. Finally, we complement the
power consumption of the remaining 1,904 GPUs in the targeted
system with normal random numbers generated with the mean
and variance of the power consumption of 256 GPUs.

Unfortunately, we cannot know the power-efficiency variation
between CPUs in TSUBAME3.0 because TSUBAME3.0 does
not support user-level CPU power measurement tools such as
RAPL [38]. Instead, we statistically model the power consump-
tion of all CPUs in the targeted system, by using the experimental
data collected in the Cygnus supercomputer, which is deployed
atthe University of Tsukuba and supports the RAPL interface. To
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Fig. 5.

do this, we first executed three applications with different power
consumption on each of the 128 CPUs installed in Cygnus. Two
of the three applications are selected from the NAS Parallel

Mean absolute percentage errors for the prediction of the power consumption of 256 GPUs in TSUBAMES3.0. Lower is better.

TABLE VI
MEAN ABSOLUTE PERCENTAGE ERRORS FOR THE PREDICTION OF THE POWER
CONSUMPTION OF 128 CPUS AND 256 GPUs IN CYGNUS

Benchmark suite, and the other is the DGEMM kernel imple- [ LR [ RF [ TSMVA (LR+RF) [ TSMVA (RF+RF)
mented with Intel MKL [39]. The power consumption of these CPU [ 5.03 [ 318 2.83 1.69
applications is shown in Table IV. Next, we computed the mean GPU | 1504 | 851 531 3.05

and variance of the power consumption of the 128 CPUs for
each application and then generated the power data for all CPUs
in the targeted system, while assuming that the distribution of
the power consumption of the CPUs in the targeted system is
the same as that in Cygnus.

E. Power Models

We tested four models to predict the power consumption of
computing resources. Two of the four models are created by
TSMVA, each using a different machine learning algorithm (i.e.,
linear regression or random forest) for the first stage. The rest
are generated by a method similar to Variability-Trained Predic-
tion [19], which trains a single-stage model (linear regression
or random forest) to fit sample data collected on each resource.
To model the power consumption of GPUs, we trained these
models with the power and PMC profiles collected by executing
48 kernels on each of the 256 GPUs in TSUBAME3.0. For
modeling CPU power, these models were trained with the power
and PMC profiles collected by running 11 kernels on each of the
128 CPUs in Cygnus.

In addition to these models, we tested the ideal model in
Section VI-C. The ideal model outputs the actual power con-
sumption that was collected as ground truth for training other
realistic models, resulting in no prediction error.

VI. EXPERIMENTAL RESULTS
A. Power Model Validation

Fig. 5 shows the prediction accuracy of the GPU power
models. The vertical axis represents MAPEs (Mean Absolute
Percentage Errors) in the case of predicting the power consump-
tion of the 256 NVIDIA P100 GPUs in TSUBAME3.0, while

the horizontal axis represents test kernels. The light blue and
light red bars represent LR (linear regression) and RF (random
forest), respectively. Both LR and RF are trained in a single
stage. The dark blue bar represents TSMVA (LR+RF), which
uses linear regression in the first stage of TSMVA, while the
dark red bar represents TSMVA (RF+RF), which uses a random
forest in the first stage. Both TSMVA (LR+RF) and (RF+RF)
use a random forest in the second stage.

The figure shows that both TSMVA (RF+RF) and (LR+RF)
can predict the power consumption of GPUs very correctly.
More specifically, TSMVA (RF+RF) and (LR+RF) show errors
of 1.54% and 2.12% on average (up to 7.64% and 13.58% ),
respectively. In contrast to this, LR and RF show errors of 5.4%
and 4.6% on average (up to 35.76% and 26.45% ), respectively.
Thus, we can say that our TSMVA has a great ability to improve
the accuracy of predicting the power consumption of P100 GPUs
affected by manufacturing variability.

To further demonstrate the effectiveness of TSM VA, we eval-
uated the four power modeling methods with 128 Intel Xeon
Gold 6126 CPUs and 256 NVIDIA V100 GPUs installed in
Cygnus. Our experimental results are summarized in Table VI.
The table shows that our TSMVA (RF+RF) shows the smallest
error for both Xeon CPUs and V100 GPUs. Our TSMVA is
effective for various types of computing resources.

B. Simulator Validation

To validate our simulation results, we evaluated the impact
of our scheduling algorithm on the energy consumption of 128
CPUs and 256 GPUs (i.e., 64 compute nodes) in Cygnus. We
used nine workloads, each of which has 300 jobs. The details of
these workloads are the same as in Table II1. We ran our simulator
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the results of eight scheduling systems to the results of VU-FCFS. Lower is
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to determine the execution timing and node assignment for all
jobs and then measured the energy consumption of the real nodes
in Cygnus while running all jobs according to the pre-determined
timing and assignment.

Fig. 6 shows the error rate between our simulator and Cygnus.
As you can see, our simulator can accurately estimate the energy
consumption of the real system. Our simulator has an error of
0.94% on average (up to 1.76% ).

C. Impact of Variation-Aware Job Scheduling

1) Main Results: Figs. 7, 8, and 9 show the energy savings,
job turnaround time, and system throughput of the eight job
scheduling systems, respectively. The horizontal axes of these
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figures represent workloads. The vertical axes of Figs. 7, 8§,
and 9 represent energy saving relative to VU-FCFS (higher
is better), average job turnaround time relative to VU-FCFS
(lower is better), and system throughput relative to VU-FCFS
(higher is better), respectively. VU-FCFS is selected as the
baseline for a fair comparison with previous work [19]. We use
B = pow(1/4,6), SR=1.0, and PCR=1.0.

Fig. 7 shows that VAHRM can improve the energy ef-
ficiency of the targeted system greatly. More specifically,
VAHRM+TSMVA (RF+RF) achieves improvements of up to
5.8% and 4.5% on average in the system’s energy efficiency
for the nine workloads when compared to VU-FCFS. More-
over, VAHRM+TSMVA can save more energy (energy savings
of up to 5.4% and 4.2% on average) than the state-of-the-art
job scheduling system (CVA-FCFS-B). This is because of two
reasons. First, VAHRM allocates more energy-efficient GPUs
to GPU jobs than the state-of-the-art by predicting the power-
efficiency variation among GPUs. Second, VAHRM allocates
more energy-efficient resources to jobs with high energy con-
sumption than the state-of-the-art by ignoring the order of job
submission.

Fig. 8 shows that VAHRM also has the ability to improve the
average turnaround time of jobs when compared to the existing
job scheduling systems. More specifically, VAHRM+TSMVA
reduces the average job turnaround time by up to 22.8% and
21.2% on average when compared to the job scheduling systems
without backfilling (i.e., VU-FCFS, CVA-FCFS, and CGVA-
FCFS). Moreover, VAHRM+TSMVA improve the average job
turnaround time by up to 13.8% and 11.9% on average when
compared to the job scheduling systems with backfilling (i.e.,
VU-FCFS-B, CVA-FCFS-B, and CGVA-FCFS-B). This is be-
cause VAHRM relaxes the restrictions on job scheduling by
ignoring the job submission order. VAHRM allocates jobs to
compute nodes as much as possible considering the priority
order associated with S, resulting in a great reduction in the
turnaround time of jobs.

Fig. 9 shows that VAHRM shows higher throughput than the
other job scheduling systems. Specifically, VAHRM+TSMVA
achieves an improvement of 7.1% in system throughput com-
pared to VU-FCEFS. This is because VAHRM executes as many
jobs as possible while ignoring the order of job submission, by
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allocating computing resources to jobs as long as both resource
count and power constraints are satisfied.

We note that VAHRM shows very small differences in all
evaluation metrics (energy savings, job turnaround time, and
system throughput) between realistic and ideal power models.
This is because our power models generated by TSMVA have
very high accuracy, as shown in Section VI-A. We can say that
the predictive accuracy of our power models is sufficient for
variation-aware job scheduling.

2) Impact of Congestion: Figs. 10 and 11 show the impact
of congestion on energy savings and job turnaround time, re-
spectively. The horizontal axes of these figures represent shrink
ratios of job submission time (SR). We note that the higher the
SR, the more congested the targeted system. We show the values
averaged over the nine workloads.

Fig. 10 shows that VAHRM can save more energy as the
target system is congested. This is because VAHRM has a higher
chance of allocating energy-efficient computing resources to
energy-consuming jobs as the number of jobs in the job queue
increases. However, the opportunity to allocate computing re-
sources to jobs with small energy consumption is reduced when
the targeted system is congested, and such jobs need to wait in the
job queue for a longer time. Therefore, VAHRM increases the
average job turnaround time as SR increases, as shown Fig. 11.

3) Impact of B: Figs. 12, 13, and 14 show the impact of
[ on energy savings, job turnaround time, and waiting time,
respectively. The horizontal axes of these figures represent 3. A
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value of /3 largely influences energy savings, job turnaround, and
waiting times. Fig. 12 shows that VAHRM shows higher energy
saving by setting a large number of 3, just as we thought, whereas
Figs. 13, and 14 show that we can reduce average job turnaround
and waiting times by using a small number for 3, respectively,
as expected. Therefore, we strongly recommend that a decision
of a value of S is based on not only energy savings but also both
job turnaround and waiting times.

Although the optimal value of /5 depends on the operating
policy of the targeted system, we show an example of how to
determine (3 considering the trade-off between system energy
savings and job waiting time. In general, larger energy savings
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and shorter waiting times are preferable. To achieve this goal,
we can use the following equation to determine /3.

_ FErate
P~ Wrate

where Mg, Erate, and Wrate represent metric, energy reduc-
tion rate, and relative waiting time. Erate and W ate are relative
to VU-FCFS. Fig. 15 shows the values of this metric for various
B. The metric is maximized when = pow(1/4, 6). Atthis point,
we can achieve both high energy efficiency (an energy reduction
rate of 4.5% ) and small waiting time (a relative waiting time of
0.56).

4) Impact of Power Constraints: Figs. 16 and 17 show
the impact of power constraints on energy savings and job

(&)
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TABLE VII
ENERGY, TURNAROUND TIME, THROUGHPUT, AND WAITING TIME UNDER
DIFFERENT PREDICTION ERRORS IN OUR POWER MODEL

Error (%) Energy Turnaround time Throughput Waiting time
5 1.000 1.001 1.000 1.005
10 1.000 1.000 0.999 1.003
15 1.002 1.004 0.997 1.016
20 1.001 1.005 0.998 1.019
25 1.001 1.002 0.998 1.016
30 1.002 0.999 0.997 1.007

‘We normalize the results to those with no prediction error.

turnaround time, respectively. The horizontal axes of these fig-
ures represent system’s power constraint ratios (PCR).

Fig. 16 shows that VAHRM shows the highest energy sav-
ing in the case of PCR= 0.5. This is because VAHRM keeps
energy-inefficient computing resources unused if a stringent
power constraint is given to the targeted system.

Fig. 17 shows that VAHRM reduces the average job
turnaround time as PCR decreases. This is because large jobs
showing high energy consumption have little chance to overtake
small jobs showing low energy consumption in a highly power-
constrained system. VAHRM has a similar effect to backfilling
in such a system.

5) Impact of Accuracy of Power Model: We evaluated the
impact of the accuracy of power models on the system perfor-
mance and energy efficiency while adding some noise to the
ideal power model. Table VII shows our experimental results.
Each value in this table is the average across nine workloads and
is normalized by the value with the ideal power model. We use
B = pow(1/4,6), SR=1.0, and PCR=0.5. From this table, all
values are closer to 1.0 and the accuracy of power models has a
small impact in VAHRM.

In VAHRM, the accuracy of power models can mainly affect
the selection of nodes to be used in STEP 5 and the check of
power constraints in STEP 6. In STEP 5, jobs are assigned by
predicting the power consumption of nodes and sorting them in
ascending order. Therefore, the accuracy of power models is not
affected if the order of the nodes does not change in the sorted
node list. In contrast, in STEP 6, power consumption should be
accurately predicted. This is because system throughput can be
improved by running more jobs within the power constraint.

These results imply that the power model built with TSMVA
is inaccurate enough not to affect the order of nodes and is
accurate enough to prevent the system power consumption from
exceeding the given power constraint.

6) Impact of PMC Collection: Since VAHRM needs to col-
lect PMC:s for first-run jobs, the ratio of the number of first-run
jobs to the total number of jobs could affect the performance
of workloads. Figs. 18, 19, and 20 show the impact of the
ratio of first-run jobs on energy savings, system throughput, and
job turnaround time, respectively. The horizontal axes represent
the ratio of first-run jobs. A value of 1 means that all jobs are
first-run. The vertical axes are the same as Figs. 7, 8, and 9,
respectively. Each bar represents the average across nine work-
loads, which is normalized to VU-FCFS. We conservatively as-
sumed that each first-run job required 5% of additional execution
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time for PMC collection, although collecting PMCs for an entire
application is unnecessary.

Fig. 18 shows that the energy savings gradually decrease as
the ratio of first-run jobs increases, and the energy saving is ap-
proximately 1% when the number of first-run jobs exceeds 40%
of the total number of jobs. This is because an increase in the ratio
of first-run jobs leads to a larger number of jobs requiring PCM
collection, which increases execution time. This, in turn, results
in higher system energy consumption. We note that many jobs
are executed multiple times on GPU-based production systems
because deep learning and scientific applications account for the
majority of jobs and widely use checkpoint/restart techniques for
tolerating failures.
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Fig. 21. Cumulative ratio of jobs relative to the total number of jobs per user.

From Figs. 8 and 9, the system throughput is little affected
by the ratio of first-run jobs, but the turnaround time increases
as the ratio is closer to 1.0. This is due to the larger overhead
of PMC collection. In summary, VAHRM is effective when the
ratio of first-run jobs is less than or equal to 0.3.

To the best of our knowledge, no existing paper reports
the typical proportion of first-run jobs in real-world systems.
Accordingly, we estimated this proportion using the job log from
TSUBAMES3.0. The log, which contains 118,890 job entries
from 193 users, each including a job ID, an anonymized user
ID, submit time, start time, end time, queue name, and number
of cores, was collected during June and July 2019. However, the
log does not explicitly indicate whether a job is a first-run or a
repeated submission. To address this limitation, we adopted the
same assumption as in [40], where two jobs are considered as
the same application if they have the same user ID, queue name,
core count, and execution time within + 10% . Based on this
assumption, we estimated the proportion of first-run jobs in the
production environment.

Fig. 21 presents a cumulative bar plot of job counts per user.
The z-axis represents users sorted in ascending order by the total
number of jobs executed, and the y-axis shows the cumulative
ratio. The orange bars represent all jobs in the log, while the blue
bars represent only first-run jobs. As shown in the figure, the
gap between the two bar series becomes wider toward the right,
suggesting that heavy users tend to repeatedly execute similar
jobs. We found that first-run jobs account for approximately 9%
of all jobs, which is considerably less than 40% .

VII. RELATED WORK
A. Job Scheduling

Many researchers have developed various techniques for job
scheduling in supercomputing systems. Dai et al. proposed
ESlIurm, which uses a new communication tree strategy and job
runtime estimation to improve communication and scheduling
efficiency [41]. Hofmeyr et al. investigated the effectiveness of
time-sharing scheduling on supercomputing systems [42]. To
improve the response time of interactive jobs, Minami et al.
proposed oversubscription scheduling, which allows multiple
jobs to share one computing resource [43]. To improve the
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performance of communication-intensive jobs, Mishra et al. pro-
posed communication-aware job scheduling, which considers
the job’s communication behavior [44].

To balance competing goals of job scheduling (e.g., improve
both job waiting time and system utilization), Tang et al. pro-
posed metric-aware scheduling, which enables a job scheduler
to adaptively adjust scheduling policies based on feedback from
monitored metrics at runtime [45]. Cao et al. proposed cooling
and node location-aware job scheduling, which executes power-
hungry jobs on computing nodes having a small impact on the
hotspot temperature to prevent the hotspot temperature from
increasing while improving system throughput [46].

These studies help to improve the scheduling efficiency in
supercomputing systems; however, none of them takes power-
efficiency variation among computing resources into account.

B. Power Modeling

Many power models have been developed for both CPUs [19],
[47], [48], [49] and GPUs [50], [51], [52]. A few of them are
aware of power-efficiency variation between CPUs [19], but all
GPU power models proposed in these studies are variation-
unaware. Therefore, we cannot use them to predict power-
efficiency variation between GPUs.

Also, some power models have been proposed for FPGA
cards [53], [54]. However, there is no research on FPGA cards
that takes power-efficiency variation into account.

VIII. CONCLUSION

In this study, we proposed VAHRM, a new resource man-
agement technique for heterogeneous supercomputing systems.
VAHRM is a new holistic approach to variation-aware job
scheduling in heterogeneous systems, combined with a new
variation-aware CPU and GPU power models generated by
our TSMVA. Our experimental results showed that VAHRM
has a great ability to improve both the system’s energy effi-
ciency and job turnaround time for various workloads. We also
showed that our variation-aware CPU and GPU power models
generated by TSMVA had high accuracy when predicting the
power-efficiency variation between computing resources.

Our future work is to implement VAHRM on real job schedul-
ing systems such as SLURM. We will also evaluate the effec-
tiveness of VAHRM on another heterogeneous system including
FPGA.
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