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I. I NTRODUCTION
Sizing a data center’s power supply involves a trade-off
between peak performance of individual workloads, and the
total number of hosts available to run those workloads. Invest
too little in power, and you run the risk that a cluster will
perform poorly because it needs more power than can be
delivered. But if you invest too much in power delivery
equipment, you sacrifice capital and floor space that could
have gone to acquiring more computing infrastructure. Several
examples involving under-utilization of procured power exist
in the real world. For example, Figure 1 shows the average
power draw of the Quartz system at LLNL over a period of one
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Abstract—Effective power management in a data center is
critical to ensure that power delivery constraints are met while
maximizing the performance of users’ workloads. Power limiting
is needed in order to respond to greater-than-expected power
demand. HPC sites have generally tackled this by adopting one of
two approaches: (1) a system-level power management approach
that is aware of the facility or site-level power requirements,
but is agnostic to the application demands; OR (2) a job-level
power management solution that is aware of the application
design patterns and requirements, but is agnostic to the sitelevel power constraints. Simultaneously incorporating solutions
from both domains often leads to conflicts in power management
mechanisms. This, in turn, affects system stability and leads to
irreproducibility of performance. To avoid this irreproducibility,
HPC sites have to choose between one of the two approaches,
thereby leading to missed opportunities for efficiency gains.
This paper demonstrates the need for the HPC community
to collaborate towards seamless integration of system-aware
and application-aware power management approaches. This is
achieved by proposing a new dynamic policy that inherits the
benefits of both approaches from tight integration of a resource
manager and a performance-aware job runtime environment. An
empirical comparison of this integrated management approach
against state-of-the-art solutions exposes the benefits of investing
in end-to-end solutions to optimize for system-wide performance
or efficiency objectives. With our proposed system–application
integrated policy, we observed up to 7% reduction in system
time dedicated to jobs and up to 11% savings in compute energy,
compared to a baseline that is agnostic to system power and
application design constraints.
Index Terms—Energy-aware systems, Scheduling, Information
resource management

N
ov

Email:

Corporation, † Lawrence Livermore National Laboratory,‡ Boston University
christopher.m.cantalupo, diana.r.guttman, brad.geltz, lowren.h.lawson, asma.h.al-rawi,
ali.mohammad, fuat.keceli, federico.ardanaz, jonathan.m.eastep}@intel.com,
† {marathe1, brink2}@llnl.gov, ‡ {danielcw, acoskun}@bu.edu,

∗ {siddhartha.jana,

Fig. 1. Power usage of Quartz system at LLNL over a period of one year. The
dashed line shows the peak power rating of the system. The solid blue line
shows actual instantaneous power usage whereas the solid black line shows
moving average of the instantaneous power draw over a window of one day.

year. The system is rated to consume 1.35 MW as indicated
by the dashed line, but the average power draw remains at 830
kW. Another example is the Cori system at NERSC which is
rated to consume 5.7 MW, but its peak power has only reached
4.6 MW, and it typically only consumes 3.9 MW [1].
Power delivery infrastructure must ensure that a site’s total
power consumption does not exceed the deliverable power
capacity. The site’s power draw depends on non-uniform
demands of its compute nodes, servicing different applications.
State-of-the-art approaches for power management of the
compute nodes can be divided into two categories: (1) systemlevel control based on the observed consumption (e.g., [2],
[3]), and (2) application-level control based on the required
power (e.g., [4]). Solution-(1) has visibility into the sitelevel constraints, but is agnostic to the actual application
demands. Solution-(2) is aware of the application design
requirements, but remains oblivious to the available power at
the system level. This paper presents an opportunity analysis
of approaches that leverage the best of both solutions by integrating system-level and application-level power management
policies.

The key takeaways from this paper are as follows:
• A siloed power management strategy, isolated to a
single layer of the system stack, does not sufficiently
optimize system performance or efficiency objectives.
Moreover, having multiple such solutions run simultaneously without coordination leads to unpredictability. For
example, if power limits are controlled through the same
hardware interface by both a resource manager and a
job runtime environment, one layer may unintentionally
overwrite limits set by the other layer.
• The solution is for HPC vendors to use holistic
approaches that apply power management techniques
that run in tandem to address both system-level and
application-level power requirements.
• Power delivery infrastructure can handle more aggressive
power limits with less impact to quality of service by
coordinating between layers. Such coordination can ultimately increase the amount of science per watt.
The paper presents an opportunity analysis for introducing
interoperability among multiple layers of the system software
stack. The novel contributions of this paper are as follows:
1) We propose a workload-aware and system-power-aware
policy that reduces time to solution in a power-limited
cluster by distributing power both across and within
workloads in a performance-aware manner.
2) We identify a set of application design characteristics
that emulate different power and performance trade-offs
seen in HPC applications, and we design a microbenchmark1 to trigger these different conditions.
3) We evaluate the proposed policy against two other
dynamic policies with either system power awareness
or workload awareness, and an additional policy with
neither feature. Our evaluations at scale show up to
7% system time reduction and up to 11% CPU energy
savings, versus the policy that has neither feature.
This paper is organized as follows. We first motivate the
implementation of a multi-level system-wide power management stack. Next, we describe the power management policies,
along with the synthetic benchmark and cluster environment
used for evaluation. Then we describe the matrix of workload
combinations and power cap levels. We explain our results
before moving on to discuss related approaches to systemwide power management. We conclude with takeaways and
the next steps that should follow this work.
II. M OTIVATION
HPC sites have different power and energy requirements,
depending on their environment and the types of workloads
they run. The Energy Efficient High Performance Computing
Working Group (EEHPC-WG) performed a survey of Top500
sites working with energy- and power-aware job scheduling
and resource management [5], showing a need for awareness
of dynamic factors in both power supply and demand at a site.
1 The synthetic kernel used in this study is hosted on a public repository at
https://github.com/dannosliwcd/arithmetic-intensity.git

Within a site, a system can be composed of many nodes
that react differently under the same workloads. Even with
a homogeneous system containing all nodes with the same
configuration, hardware variation can have a significant impact
on workload efficiency and performance [6].
Workload characteristics also have a significant impact on
performance and efficiency [7]. For example, workloads often
have compute-intensive and non-compute-intensive phases.
Non-compute-intensive phases could result from pipeline stalls
due to dependencies on memory, network resources, storage
devices, accelerators, thread scheduling, etc. Since CPU activity is a major contributor to total system power, and can be
controlled with low-latency interfaces, this paper studies the
impact of controlling CPU power to meet total system power
and performance constraints.
Even within a phase of an application, workloads can
require varied demand for compute resources across processes,
called workload imbalance in this paper. Workload imbalance
in bulk-synchronous workloads can make the application’s
overall performance largely insensitive to the performance of
some of its parts, since only the process in the workload’s
critical path will have an immediate impact on aggregate
performance. Several efforts have identified software critical
paths for optimization in development and for modifying an
execution environment to exploit that insensitivity [4], [8].
The theme among our motivations is that some performance and efficiency factors are most visible with a systemwide perspective, and others are more visible within the scale
of a single workload execution. In this paper, we evaluate
power management policies with varying degrees of visibility
into system constraints and workload properties. Through our
evaluation, we demonstrate an opportunity for the HPC community to work toward standardization of power management
policies across layers of a system stack. This is in alignment
with the charter of the HPC PowerStack consortium [9].
III. S YSTEM -L EVEL P OWER M ANAGEMENT P OLICIES
To evaluate the potential for performance improvement, we
design a new power management policy, MixedAdaptive.
We also implement baseline power management policies for
comparison purposes.
A. Performance-Aware System Power Management
The proposed MixedAdaptive policy enables a resource
manager to share power across jobs in a power-aware manner.
This policy’s power awareness is made available to the resource manager by a job runtime, which can search at execution time for the distribution of available power that minimizes
elapsed time per iteration in a workload. Our experiments
utilize the GEOPM [4] job runtime to apply energy- and
performance-aware power management algorithms. GEOPM
includes multiple plugins (called agents) for monitoring and
managing efficiency.
While existing job runtimes are able to utilize performance awareness, they are not currently able to establish an
execution-time feedback loop with a resource manager. We

emulate such a feedback loop in our experiments by first
running our workloads under the GEOPM power balancer
agent and identifying the steady-state power consumption
for each workload host. The power balancer agent reduces
the power limit where it does not impact performance, and
redistributes that power where it can improve performance,
all during execution. Our experiments use the final power
distribution from a pre-characterization run with that agent
to select how much power each job is allocated by a powerlimited resource manager, and when determining how a job
runtime would distribute that allocated power within each job.
The MixedAdaptive power distribution steps are as
follows:
1) Uniformly distribute the system power limit among hosts
across all jobs.
2) Decrease the allocated power of each host down to
the amount of power needed on that host, as determined by the previously described power balancer precharacterization runs. The total amount of decreased
power is now considered deallocated. If there is a
significant enough power shortage, the surplus can be
as low as zero watts.
3) Uniformly distribute the deallocated power among hosts
that need more power to meet their characterized performance, at most up to the characterized power. Repeat
this step until no deallocated power remains, or all hosts
have been assigned their needed power.
4) If there is a power surplus, allocate the remainder of
power across all hosts with a weighted distribution. The
weight of each host is determined by the distance from
the host’s minimum settable power limit to the host’s
allocated power from previous steps.

SLURM’s real-time power management feature [3], which
is full-system-aware. Our policy first distributes power caps
across jobs. It then reduces the budget for low-power jobs to
minimize unused (wasted) power budgets, and evenly redistributes power to high-power jobs. The power is removed from
and added to jobs based on the observed performance-agnostic
power usage (obtained from GEOPM reports) for each workload. Surplus power is redistributed, weighted by the difference between minimum settable power and currently assigned
power.
For the JobAdaptive policy, system power is
dynamically shared within jobs to maximize performance,
but power cannot be shared across different jobs. In other
words, the policy is not full-system-aware. The system power
cap is initially distributed uniformly across jobs. Power is
further distributed among hosts within each job, based on
the performance-aware characterization data (from GEOPM
reports). If any of the nodes are assigned a power limit that
exceeds an evenly-distributed power cap, then all nodes in
the job have their power caps reduced by the percentage of
their current power consumption that corrects that violation.
IV. W ORKLOAD D ESIGN
We use a synthetic kernel to provide fine-grained control
of factors that dictate the energy/power signatures of a target
platform. This section gives an overview of the different application characteristics that are captured by the kernel, followed
by results of a characterization study identifies energy/power
bounds of the kernel. We also present a roofline analysis of
the benchmark to show that the kernel exhibits the expected
range of memory- and compute-boundedness.
Waiting
Ranks

B. Baseline Power Management Policies
In addition to the previously-described power balancer
characterization, our baselines also use workload characterization data from the GEOPM monitor agent, which simply
reports requested metrics of interest, such as energy and time,
without modifying system behavior.
Our methods for determining policy power allocations based
on GEOPM characterization data are explained below.
For the Precharacterized policy, a user
pre-characterizes a workload, and submits the job with
a cap equal to the average power consumption at the
most power-hungry node. This policy does not consider
system-wide power limits.
For the StaticCaps policy, system power is uniformly
distributed to all nodes in the cluster. A static cap is applied
for each job, using the max of average powers from all
nodes in the job’s monitor characterization run. Note that
this policy’s final state is the same as the initial state of
the MinimizeWaste and MixedAdaptive power-sharing
policies.
MinimizeWaste shares system power across hosts, to
minimize unused power budget. This policy is intended
to statically emulate the dynamic approach documented in
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Fig. 2. Design characteristics of the synthetic microbenchmark used for
emulating typical HPC application properties.

A. Compute Intensity Benchmark
Our synthetic kernel is derived from a benchmark used
by Choi et al. to evaluate a roofline model of energy [10].
The makeup of the kernel is illustrated in Figure 2. The
typical application characteristics that impact the energy/power
signature of an application are as follows:
• Computational intensity: This is the ratio of compute
work to memory work, in FLOPs/byte. Intensity directly
impacts the maximum possible CPU throughput [11].
• Vector length of instructions: A fixed computational intensity can have power-performance trade-offs that vary
with the length of vector instructions. We use vector fused
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multiply-add (FMA) and load instructions to capture a
high ratio of instructions per cycle.
Excess time on a non-critical path: Processes in largescale bulk-synchronous and fork-join applications frequently converge at synchronizing points within the
application. Such applications can end up with some
processes polling at synchronizing points while making
no application progress, but still consuming energy. Our
microbenchmark captures such energy sinks by controlling the work performed on the non-critical path.
Percent of waiting ranks: This is the fraction of synchronizing processes on the non-critical path. A higher
percentage corresponds to a higher number of processes
polling at a barrier and consuming energy without making
any application progress.

We verify that the kernel covers the full spectrum of achievable throughput of the platform by overlaying the kernel’s performance on top of the system’s roofline plot. Figure 3 shows
that the kernel’s performance at each configuration reaches the
peak performance (in GFLOPS) of the system, bounded by the
DRAM bandwidth and double-precision floating point vector
fused multiply-add operations. The data points corresponding
to the kernel behavior are depicted by colored dots in the
graph, which is generated by the Intel Advisor tool [12].
B. Workload Characterization
For our experiments, we need to know: (a) the maximum
power each workload consumes under no power constraints,
and (b) the minimum power each workload needs to complete
execution. Greater differences between these metrics indicate
more opportunity for leveraging application awareness in
power-constrained scenarios.
We obtain Metric-(a) by executing each workload with the
GEOPM monitor agent across 100 test nodes. The heat map
in Figure 4 summarizes our measurements.

Fig. 4. Total CPU power per node for different workload configurations,
when running the benchmark variant that uses 256-bit (ymm) vector registers
with no power limit under the GEOPM monitor agent. This non-capped power
consumption is largely insensitive to imbalance.
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Fig. 3. The roofline plot of the synthetic kernel when executed on
the target platform. The X-axis corresponds to the computational intensity (FLOPs/Byte). The Y-axis corresponds to the achieved computational
throughput (in GFLOPS). The colored dots correspond to the runs with
the synthetic kernel. The bold continuous black line corresponds to the
maximum achievable performance on the target platform, given our workload
configurations.

•

0.25
0.5
1
2
4
8
16
32

Scalar Add Peak : 3 .27 GFLOPS

FLOP/Byte (Compute Intensity)

•

Intensity
(flops/byte)

DP Vector FMA Peak : 49 .38 GFLOPS

Intensity
(flops/byte)

GFLOPS

40

1

SP Vector FMA Peak : 98 .61 GFLOPS

:
th c
id e
w B/s
d
n G
Ba 65
L1 14.
3

70

CPU Power (W)

100

0% 25% 25% 50% 50% 75% 75%
at at at at at at
2x 3x 2x 3x 2x 3x

<Percent of ranks waiting> at <slowdown factor>
Fig. 5. Total CPU power per node for different workload configurations,
when running the benchmark variant that uses 256-bit (ymm) vector registers
under the GEOPM power balancer agent. The most significant reductions in
power from the monitor case are in the mid-intensity range. The apparent
vertical bands indicate that the percent of waiting ranks have a strong effect
on average needed power, which motivates using a performance-aware power
management policy in those cases.

We obtain Metric-(b) by observing the actual power consumed by each workload when subjected to an average power
budget equal to the total TDP (Thermal Design Power) of each
node. The resulting measurements, obtained using the GEOPM
power balancer agent, are shown in Figure 5.
V. E XPERIMENTAL S ETUP
This section describes methods we follow to design our
evaluation grid. This setup is divided into three sections.
Section V-A explains the computing environment in which
we run our experiments. Section V-B explains how we select
combinations of workloads to evaluate in that environment.
Section V-C outlines how we select power budgets to apply
to those workload mixes.
We limit the scope of our investigation to focus on workload
CPU power. Other work may explore a holistic data management system by also considering other major contributors
to power and performance, such as network fabric, memory
hierarchy, secondary storage, accelerator offloads, and cooling
infrastructure. While we do not consider hardware variation
in our comparisons, we control for it by selecting similarlyperforming nodes for our experiments.

TABLE I
Q UARTZ S YSTEM P ROPERTIES

B. Workload Mixes
Our experiments include workload mixes that are composed
of multiple configurations of the benchmark described in
Section IV-A. The combinations of workloads in the mixes
are summarized in Table II. We include some mixes that are
expected to demonstrate best-case behavior for each of the

HighPower

RandomLarge

ymm (256-bit) vector registers

1) Quartz System: Our experiments are run on the LLNL
Quartz system. The properties of Quartz are summarized
in Table I. This system provides large-scale access to finegrained power management knobs via the MSR-safe Linux
Kernel module [13]. Our experiments utilize 34 cores per
node for the benchmark, leaving the remaining two cores
for monitoring processes and system services. Although these
experiments are executed on a single Intel architecture, they
can be ported to other architectures (Intel and non-Intel) by
leveraging GEOPM’s portable plugin infrastructure.
2) Hardware Variation: Many of our experiments are running under tight power constraints, so it is important to
consider the impact of hardware variation when running under
a power cap. To reduce the impact of hardware variation on
our final results, we identified a subset of the cluster’s nodes
that perform similarly with our workload. To do this, we first
monitored the achieved frequency of each node in the cluster
while running our most power-hungry workload configurations
under a low power limit. We used k-means clustering over the
achieved frequencies to partition the nodes into three groups.
We used the 918 medium frequency nodes in Figure 6 for our
experiments so that our results reflect a central tendency of
performance in a significant portion of our test system.

No Imbalance

A. Test Environment

LowPower

Fig. 6. Achieved frequencies of 2000 nodes in the Quartz cluster, under 70
watt CPU power limits. We use the medium frequency cluster for other stages
of our experiments. Whiskers extend to the nearest samples beyond the interquartile range (IQR) by 1.5*IQR. Circles represent observations beyond the
whiskers.
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Workload Description

NeedUsedPower

Intel Xeon E5-2695, dual-socket
36
TOSS 3 (Red Hat Enterprise Linux 7.8)
120 W per CPU socket
68 W per CPU socket
2.1 GHz

xmm (128-bit) vector registers

Frequency (GHz)

CPU
Cores Per Node
Operating System
Thermal Design Power
Minimum RAPL Limit
Base Frequency

TABLE II
W ORKLOADS IN E ACH W ORKLOAD M IX

7
3
3

7
7
7

7
7
7

7
7
7

7
7
7

3
3
7

7
7
7

7
7
7

7
7
7

7
3
3

7
7
7

3
7
7

7
7
7
7
7
7
7

7
7
7
7
7
7
7

7
3
3
3
3
3
3

7
7
7
7
7
7
3

7
7
7
7
7
7
7

3
7
7
7
7
7
7

7

7

7

3

7

7

7
7

7
7

7
7

3
3

7
7

7
3

7
7

7
7

3
3

7
3

7
7

7
7

7
7
7
7
3

7
7
7
7
7

7
7
7
7
3

7
7
7
7
7

3
7
3
3
7

7
3
7
7
7

7
7

7
7

7
7

7
7

3
3

7
7

7

7

7

7

3

7

7

7

7

7

3

7

7
7
7
7
7

7
7
7
7
3

7
7
7
7
7

7
7
7
7
7

7
7
7
3
7

3
3
3
7
7

7

7

7

7

3

7

7

7

7

7

7

3

baselines, as well as high power, low power, and random job
mixes.
NeedUsedPower is expected to be the best-case mix for
the MinimizeWaste policy. This case is characterized by
some jobs with low average power and one job with high
compute intensity, and where all used power is needed for
performance, as determined by our power balancer characterization runs. In this case, the MinimizeWaste policy is
expected to decrease the power allocated to the many lowpower jobs, and use that spare power to help the high compute

intensity job finish more quickly. Since the observed power
is similar to the needed power for performance, policies that
depend on performance-awareness are not expected to have an
advantage.
HighImbalance is expected to be the best-case mix for
the JobAdaptive policy. This case is characterized by a
single, imbalanced job across all nodes. The JobAdaptive
policy is expected to decrease the power to nodes within the
single job that do not impact elapsed execution time, while
increasing the power to nodes that do impact elapsed execution
time. Since the workload is highly imbalanced within its bulksynchronous loops, policies without performance awareness
are not expected to have an advantage.
WastefulPower is expected to be the best-case mix
for the MixedAdaptive policy. This is similar to the
NeedUsedPower mix in the sense that it exhibits a range of
average power levels. But it is different from that mix because
the average power consumed by an unconstrained workload
run significantly differs from the power consumed when the
workload is balanced for performance under a generous power
cap. The MixedAdaptive policy is expected to redistribute
power within each job to maximize performance. As a result,
it may reduce an imbalanced job’s total allocated power to
less than the total allocated power of MinimizeWaste, and
it can share power across jobs unlike JobAdaptive.
LowPower contains the nine lowest power workload configurations, with 100 nodes per job.
HighPower contains the nine highest power workload
configurations, with 100 nodes per job.
RandomLarge contains nine jobs selected from a random
shuffle, with 100 nodes per job.
In order to identify the appropriate workload configurations
for the above mixes, we separately characterize the power
and performance characteristics of the workloads and of the
hardware that runs our tests.
C. Selection of Power Budgets
We evaluate the power management policies at three different system-wide power budgets — min, ideal, and max
— representing degrees of over-provisioning. The range of
power caps we test covers the power capping region within
which policies produce different power allocations relative
to the needs of the workload mix. Power caps less than
min result in all policies producing the same configuration as StaticCaps. Power caps greater than max result in all policies allocating at least as much power as
Precharacterized. The quantitative values of the three
power budgets are described in Table III.
The min power budget represents an aggressively overprovisioned system, where there is little capacity to share
power across workloads. Its budget is selected by determining
which workload in the mix has the least power consumed by
a single node under the performance-aware characterization
described in Section IV-B. The system is allocated enough
power to provide that amount to each node.

TABLE III
P OWER B UDGETS FOR E ACH W ORKLOAD M IX
Workload Mix

min

NeedUsedPower
HighImbalance
WastefulPower
LowPower
HighPower
RandomLarge
*TDP of all CPUs is 216 kW

167
141
136
138
140
139

kW
kW
kW
kW
kW
kW

ideal

max*

171
163
144
152
177
164

209
209
209
209
209
209

kW
kW
kW
kW
kW
kW

kW
kW
kW
kW
kW
kW

The ideal power budget represents over-provisioning that
is ideal for a given workload mix. This budget is used in
our experiments to evaluate cases where there is significant
opportunity to improve performance by sharing power across
workloads. Its limit is selected by summing the power used
by each node for all workloads in the mix, as determined
by the performance-aware characterization described in Section IV-B. The system is allocated that summed total of power.
The max power budget represents a conservatively overprovisioned system, where there is little need to share power
across workloads. Its budget is selected by determining which
workload in the mix has the most power consumed by a
single node under the uncapped characterization described in
Section IV-B. The system is allocated enough power to provide
that much to each node.
VI. E XPERIMENTAL R ESULTS
In this section, we evaluate the impact of various factors
on elapsed time, energy, and power usage. Specifically, we
discuss:
1) how system power limits impact performance under
different policies
2) trade-offs of different levels of visibility into a system’s
resources and a workload’s performance
3) how different workload mixes react to power management policies
A. Impact of System Power Cap
Support for hardware over-provisioning is one of the use
cases for a system-wide power budget. We evaluate the
impact of the system-wide power budgets described in Section V-C, which are meant to represent different levels of overprovisioning.
As shown in Figure 7, lower system-wide power limits,
which correspond to more aggressively over-provisioned systems, result in closer to full utilization of the power capacity.
The Precharacterized policy is unable to stay within the
system-wide budget for all except the high power cap case,
so it is omitted from further plots. Note that system-unaware
policies may under-utilize the available power in cases with
balanced supply and demand or with a surplus of power.
In cases of balanced power demand, annotated with marker(b), we can see that JobAdaptive is unable to utilize all of
the budgeted power. This is because some budgeted power is
set aside for workloads that cannot use all of their allocated
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Fig. 7. Mean power used by each policy, across workload mixes (mixes described in Section V-B). Bars above 100% indicate that a policy exceeds the
system-wide power budget. When bars are below 100%, that indicates either opportunity for more aggressive over-provisioning, or a missed opportunity to
distribute power to places where it can be utilized. Annotations indicate cases where policies had large differences in power usage. Marker-(a) highlights
max-power-limit cases where performance awareness enables less power usage under relaxed limits. Marker-(b) highlights ideal-power-limit cases where
system power awareness enables more power utilization under a moderate limit.

power, while other workloads remain power-bound. The other
policies are able to avoid this by using power awareness at the
system level to share the budget across jobs.
In cases with high power budgets, annotated with marker(a), the amount of power being provisioned is higher than
needed, regardless of performance-awareness in the policy.
The difference between policies in these low-power-utilization
cases is observable when we run the workloads and evaluate
their energy impacts. In Section VI-B, we note that when
job awareness enables reduction of a power budget, it results
in improved energy efficiency. This efficiency improvement
grows stronger at higher power limits where there is more
opportunity to decrease power without impacting performance.
The impact of power caps is also visible as trends
in mean time savings and energy savings in Figure 8.
The time-saving opportunity decreases as system-wide
power budget increases, with a maximum opportunity
at 8% (marker-(e)) in the min power case for the
HighPower workload mix. In that maximum opportunity
scenario, the MixedAdaptive approach achieved
about 7% time savings over the StaticCaps baseline
(marker-(e)). The energy-saving opportunity increases as
power budget increases, with a maximum opportunity of
11% energy savings in the WastefulPower workload mix,
when subjected to the maximum power budget (marker-(d)).
Takeaway 1: Sites incorporating dynamic power management policies benefit from energy savings. These savings
increase with the amount of surplus power budget.

only JobAdaptive and MixedAdaptive are aware of
the performance of a running workload. Here, we note some
takeaways about job awareness from traits that these policies
share with each other, and not with the other polices.
The plots in Figure 8 show how energy, elapsed time,
energy-delay product, and FLOPS per watt are impacted by
each of the policies for different workload mixes. All metrics
are reported as a percent improvement from the StaticCaps
policy, which makes no workload-dependent changes to power
allocation. The Precharacterized policy is omitted since
it is unable to operate within the budgeted power in most cases.
One trend to note is that JobAdaptive and
MixedAdaptive policies tend to perform similarly in
the min and max power levels. Since the min power level has
no opportunity for power sharing, both policies remain in
their initial state, where power is distributed uniformly across
hosts (refer to step 1 in Section III-A).
Those policies do have a chance to decrease their allocated
power in the max power level case, which is why they
are able to noticeably reduce total energy consumption in
those runs. But, the cross-job power-sharing capability of the
MixedAdaptive policy does not differentiate it from the
JobAdaptive policy since there are no power-bound jobs
that need to make use of that surplus.
Takeaway 2: HPC sites incorporating application awareness
have increased opportunities for energy savings under a system power limit, compared to sites with application-agnostic
solutions.

B. Impact of Job Awareness

C. Impact of System-Wide Resource Awareness

Our experiments evaluate a static power management policy
as well as three policies that depend on workload characteristics, as outlined in Section III. Of the dynamic policies,

The MinimizeWaste policy also depends on workload
characteristics, but unlike JobAdaptive it is not aware of
the workload’s relationship between performance and power
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Fig. 8. The grid above depicts the impact of three system-wide power management policies (Section III) on different workload mixes (Section V-B) and
power budgets (Section V-C). The height of each bar is quantified as a mean percentage decrease from the StaticCaps baseline measurements. Each row
reports a metric of efficiency or performance. Each column reports a workload mix. Marker-(c) highlights an ideal-power-limit case where MinimizeWaste
saves more time than JobAdaptive. Marker-(d) highlights a max-power-limit case where MixedAdaptive saves more energy than JobAdaptive.
Marker-(e) highlights the case with the most time savings opportunity. Error bars show the 95% confidence interval, calculated over measurements from 100
iterations per benchmark configuration.

consumption. Instead, it relies only on observing and limiting
power consumption from a resource manager’s level of visibility in a cluster. MixedAdaptive also has this level of
cluster power visibility, in addition to job awareness.
MinimizeWaste and MixedAdaptive both excel
when workloads are all balanced with high compute intensity,
and some workloads are more power-hungry than others. Unused power can be steered toward power-hungry workloads in
that case, resulting in time savings for the NeedUsedPower
workload mix in Figure 8.
The MixedAdaptive policy often performs similarly to
the JobAdaptive policy. The cases where it stands out
indicate scenarios where added resource awareness offers new
opportunities. Cases that favor resource awareness manifest as
additional energy savings when time savings are near equal.
They are also visible in the form of time savings, as in the
WastefulPower workload mix.
The energy savings of MixedAdaptive are further im-

proved over those of JobAdaptive in some max power
limit cases, most notably in the WastefulPower workload
mix annotated with marker-(d). These savings are a result
of the final stage of the power allocation strategy used for
these policies, described in Section III. After all needed power
has been distributed to the workloads, the JobAdaptive
policy continues to distribute the remainder power within
each workload to the nodes that need the most power. In
contrast, the MixedAdaptive policy uses its system-wide
resource awareness to distribute the remaining power across
all workloads to the nodes that need the most power. The
JobAdaptive policy is not able to take the most efficient
actions with the remainder of the power budget because it does
not have system-wide power awareness.
Takeaway 3: Resource awareness alone has small benefits,
but when combined with application awareness, can have
greater benefits than either application awareness or resource
awareness alone.

D. Impact of Workload Mixes
The running workloads significantly impact savings opportunities. While most of the mixes show significant time
savings and energy savings for both MixedAdaptive and
JobAdaptive policies, the NeedUsedPower mix shows
no opportunity for energy savings, and small time savings for
the MinimizeWaste and MixedAdaptive policies.
Both differences occur because the mix of jobs is composed
of workloads that actually need all of their consumed power
to avoid loss of performance. There is no opportunity to save
energy because any reduction in power consumption will also
cause the applications to take more time to finish running.
Workloads under the MinimizeWaste policy can run faster
as indicated by marker-(c) because the high power jobs are
able to use the slack power budget from the low power jobs.
The JobAdaptive policy can not see a benefit to elapsed
time from re-balancing because the workloads are already
balanced.
Takeaway 4: Application characteristics dictate the amount
of surplus power available within for that application. Based
on the mix of applications within a job schedule, this surplus
power can be steered towards improving the efficiency of the
entire system.
VII. R ELATED W ORK
One of the key factors that differentiates this literature
from past work is the incorporation of site-level, applicationlevel, and node-level power management. To the best of our
knowledge, there have been no past efforts within the HPC
community that study the impact of all three layers in a unified
manner. This aligns with this paper’s position of advocating for
interoperation between different levels of power management
in a system stack. In this section, we group past works into
categories that correspond to different layers of the stack.
A. Hardware-Level
Most hardware vendors provide some degree of firmware
support for power management features. Examples of software
interfaces to such features include DVFS (Dynamic Voltage Frequency Scaling) and power capping through vendorspecific interfaces such as Intel’s RAPL (Running Average
Power Limit) [14], IBM’s PSR (Power Shifting Ratio) [15],
NVML (NVIDIA Management Library) [16], and AMD’s
APM (Application Power Management) [17]. While power
controls are exposed to software, the challenge is to choose the
a configuration that ensures efficient or performant application
execution. In this work, we integrate our power management
solution with the GEOPM power-management framework that
utilizes RAPL for monitoring and control.
B. Application-Level
Application-level power management techniques benefit
from awareness of application characteristics and design patterns. Typically these approaches leverage monitor and control
knobs exposed by the underlying hardware in addition to
software-level controls like the number of threads, logical

core count, environment variables, etc. Multiple efforts fall
into these categories. These efforts include PUPiL by Zhang
and Hoffmann, for power-constrained resource allocation [18],
PShifter by Gholkar et al. which dynamically adjusts the ratio
of compute to network time for improved energy efficiency [8],
EAR by Corbalan et al. which detects application loops
and scales frequency for reduced energy consumption [19].
Additionally, efforts like Adapt&Cap by Hankendi et al. [20]
and the online algorithm [21] by De Sensi and Danelutto
leverage software control knobs to boost efficiency.
All of these efforts support optimization algorithms that
are application-aware, but remain oblivious of the site-specific
requirements. In this work, we leverage GEOPM [4] to implement site-aware power management policies. These policies
translate to specific algorithms which dynamically adapt to
application requirements.
C. System-Level
State-of-the-art system-level power management techniques
benefit from visibility into energy and power constraints
of HPC facilities. Resource managers like HPE’s CrayALPS [22] and Altair’s PBS [23] offer static power management interfaces. Dynamic system-wide power management
efforts like SchedMD’s Slurm integrated power managment [3]
and POW by Ellsworth et al. [2] demonstrate the utility
of steering power from system components with low power
demand to components with high power demand. The fundamental shortcoming of an application-agnostic solution is
that the power management mechanism remains incapable of
responding to application-level design characteristics.
The most similar prior work is Dynamo, by Wu et al. [24].
That paper proposes a framework which utilizes hardware
power monitoring and controls at all layers of their data center’s power delivery hierarchy. While Dynamo supports endto-end power management, the framework relies on knowledge that specific nodes are limited to running particular
workloads. It does not directly apply to typical shared HPC
scenarios where compute nodes are subjected to previouslyunseen workloads by multiple users. Our work captures variable power characteristics by ensuring that our search space
includes a range of system power limits and different mixes
of concurrently running applications.
In this paper, we compare different system-level policies
with varying degrees of visibility to application properties and
site-level power constraints. This strengthens our proposal for
the community to work toward integrating system-level and
application-level solutions.
VIII. C ONCLUSION
While designing HPC sites under a power constraint, there
arises a need to design a power management policy that works
well in the common case, and minimizes the loss of quality
of service in exceptional cases.
In this paper, we built upon existing efforts to use dynamic
system-level power reallocation for greater power utilization
of a cluster, and efforts to use dynamic workload-level power

reallocation to improve performance of a power-limited application. By combining these efforts, we show cases where
each baseline policy can outperform the other. In this paper,
we present an opportunity analysis highlighting the need for
integrating application awareness with system-level resource
awareness.
It is well-established that application-aware power management solutions can exhibit efficiency gains in a powerconstrained environment. However, this approach alone fails
to account for system-level power constraints that dictate HPC
site policies. In this paper, we present empirical evidence that
suggests that integrating application and system-level solutions
together leads to more tangible savings, showing up to 7%
reduction in system time and up to 11% savings in energy.
Since there is not currently an existing protocol or central
mechanism for coordinating power management decisions
across a data center’s power delivery hierarchy, we emulated
this execution time behavior by pre-characterizing our workloads and determining the steady-state power management
properties ahead of time. By defining such protocol, this
approach could be adapted to occur at execution time by
coordinating system-level objectives of a resource manager
with workload-level objectives of a job runtime.
As a follow-up to this literature, this work can further be extended to include additional levels of power and performance
controls, such as cooling, networking, storage, and workload
accelerators. Future work will also include extending this study
to account for applications with multiple phases that have
varying design characteristics. A large-scale empirical study
for this effort will require extending modern-day job schedulers to dynamically react to changes in system-level policies.
Through current and future efforts, we hope to establish a
strong foundation for community-wide developments within
the HPC PowerStack consortium.
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