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Abstract

Effective power management is crucial for balancing high
performance and environmental impact in the exascale era,
particularly for datacenters dominated by massively parallel
GPU systems due to the rise of Al

While many strategies rely on deep application knowledge,
there is a growing need for application-agnostic approaches.
We introduce a node-level power management runtime de-
signed for regular applications, featuring minimal overhead
and seamless deployment across any HPC/AI system. Our
approach detects, at runtime, repetitive execution patterns
via spectral analysis and then traces per-pattern energy con-
sumption. A simple gradient-descent optimizer gradually
adjusts the GPU frequency until the least per-pattern energy
(i.e., maximum energy efficiency) is found.

With this approach, we demonstrate up to a 15% reduction
in energy consumption for equivalent computational tasks,
with no overhead and minimal impact on execution time.
This solution has been validated across a diverse range of Al
applications, and we discuss the resulting energy savings.

CCS Concepts

« Hardware — Enterprise level and data centers power issues;
« Computing methodologies — Simulation evaluation.
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1 Introduction

As computing power rapidly grows due to the global adoption of AI
workloads, power management and energy efficiency are becoming
increasingly important topics in the datacenter landscape.
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In the latest edition of top500 [18], 18 of the top 20 systems
use accelerators (AMD or NVIDIA GPUs). This trend underscores
the significant computing power now accessible to both HPC and
AI communities, extending beyond traditional HPC centers and
labs. Major cloud providers are increasingly offering high compute
capabilities, as exemplified by Microsoft’s "Eagle" system, which
ranked 3rd in November 2023.

Moreover, as systems become increasingly power-hungry, only
200 out of the 500 systems report their energy consumption, col-
lectively requiring 430MW. However, upcoming datacenters in the
US and EMEA are planned to have power capacities in the GW
range. These datacenters will employ state-of-the-art technology
for large-scale Al training and inference, further emphasizing the
growing demand for energy-efficient solutions in AI workloads.

Given the anticipated rise in global power demand for datacen-
ters [11] [7], relying solely on hardware vendors for energy-efficient
chips or on users to monitor their energy usage is insufficient. This
paper explores the energy efficiency of applications on Al platforms,
focusing on a standalone approach for GPU frequency capping
through power signal processing.

While numerous methods exist for reducing application power
consumption, most approaches in the literature either limit sys-
tem consumption statically by assessing applications and applying
good practices [8] or modify applications to benefit from hardware
optimizations [17].

On the other hand, recent runtime approaches often focus on
known architectures and hardware events, such as Intel GeoPM [6],
EAR [2], or PowerSched [16]. These methods are effective for CPUs,
where hardware counters are easily accessible via libraries like
PAPI [15]. However, they face limitations when applied to GPUs
due to the difficulty in retrieving similar information. Additionally,
these approaches are typically used in isolated systems and require
significant configuration and tuning.

This paper introduces a node-level power management runtime
designed for regular applications, featuring minimal overhead and
seamless deployment across any HPC/AI system. Our approach
employs spectral analysis to identify repetitive execution patterns
in real-time and then measures the energy consumption for each
pattern. Using a simple gradient-descent optimizer, it iteratively
adjusts the GPU frequency to minimize per-pattern energy con-
sumption, thereby maximizing energy efficiency. Our contribution
does require neither code modification nor prior knowledge of the
application or hardware. It is primarily targeting Al workloads and
is validated using synthetic Al benchmarks and real workloads
from MILA [14] and yields up to 15% energy savings on Adastra, a
French national supercomputer equipped with AMD MI250X GPUs.
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Figure 1: TDP Contribution of CPU and GPU in a Single Node

2 Background and Related Work

2.1 HPC Systems and Hardware

Among the top four supercomputers in the Top500 list—El Capitan,
Frontier, Aurora, and Eagle—each employs distinct node compo-
nents, all accelerated by GPUs. Despite the limited data available on
these diverse systems, we can determine the Thermal Design Power
(TDP) for both the CPU and GPU components of each machine,
from the vendor specifications available online. TDP is equivalent
the maximum power draw of a component.

The distribution of TDP, based on official hardware specifications,
between the CPU and GPU for a single node of each system is
illustrated in figure 1. Those values do not take into account system
specific optimization (such as power capping) but tend to reflect
the state of the art of high end architectures power distribution.

GPUs emerge as the critical component for energy savings due
to their significant contribution to the overall TDP. Each supercom-
puter features unique hardware configurations, ranging from AMD
and Intel CPUs to various high-performance GPUs, which shape
their energy consumption profiles. For example, Eagle’s NVIDIA
H100 GPUs and Aurora’s Intel Data Center GPU Max demonstrate
substantial TDP values, underscoring the need for targeted energy-
saving strategies. In contrast, El Capitan and Frontier, equipped
with AMD GPUs (MI300A and MI250X, respectively), have a mini-
mal CPU contribution, thereby increasing the GPU’s percentage
share of the total TDP. It is important to note that for El Capitan, the
TDP of the MI300A, which integrates both CPU and GPU cores, is
entirely attributed to the GPU in the figure, as the CPU contribution
cannot be accurately determined.

Across all node types, the CPU consumes less than 15% of the
total TDP, compared to the GPU. Given this distribution, focusing
on reducing GPU energy consumption is essential for achieving
significant energy savings. Therefore, the first part of this paper will
discuss potential gains at the GPU level, with subsequent sections
extending the analysis to the node level to better reflect real-world
production impacts.
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2.2 Existing Agnostic Energy Optimization
Approaches

While many energy optimization approaches, mentioned in the
introduction, rely on hardware counters, there are still some non-
intrusive approaches discussed recently. A similar approach using
FFT to power cap systems within the Flux framework [1] is de-
scribed in[10], but focusing on HPC workloads and using Time-
to-Solution as a key performance metric. Although this approach
shows promise, the authors acknowledge that it may not be suitable
for all applications, especially those lacking regularity. However,
in Al particularly deep learning, applications are designed with
regularity, which can benefit from pattern recognition approaches
like FFT.

Additionally, the power capping strategy appears to have limita-
tions in terms of energy savings. Frequency capping can achieve
better gains by slightly sacrificing Time-to-Solution for compute-
bound applications, as discussed in [9]. These power vs. frequency
capping strategies on MI250X are already described in [9] for
bandwidth-bound and compute-bound synthetic benchmarks. Since
the frequency approach offers more promising energy savings, we
decide to apply this methodology to Al synthetic benchmarks to
assess the maximum energy gains possible from this frequency
capping strategy.

Agnostic approaches have limited ways to impact the overall
energy consumption of any run. While multiple hardware-level
controls are accessible, such as power and frequency capping, it
remains unclear how much application knowledge is needed to
optimally adjust these settings.

Our primary focus in this paper is to propose a very lightweight
approach to devise a workload-agnostic framework capable of i)
defining and monitoring a relative energy efficiency metric at run-
time, and ii) maximizing this metric by finding the optimal GPU
frequency.

3 Impact of GPU frequency on AI benchmarks

3.1 Target HPC System and Capping
Capabilities

The Adastra supercomputer, located at the Centre Informatique Na-
tional de 'Enseignement Supérieur (CINES) in France, is a cutting-
edge high-performance computing (HPC) system designed to sup-
port advanced research and scientific computing. Equipped with
state-of-the-art hardware and software, Adastra meets the demand-
ing computational needs of various scientific disciplines.

Adastra features 356 nodes similar to those in the Frontier su-
percomputer, each equipped with 64-core Trento CPUs paired with
8 AMD MI250X GPUs, delivering high computing power.

Power capping is not taken into account for this study, as fre-
quency capping offers additional interesting opportunities.

Frequency capping allows us to distinguish between the compute
part of the GPU (GPU cores) and the memory part (HBM memory),
each operating at different frequencies. This distinction enables
adjustments to either the memory frequency or GPU core frequency
to find the optimal combination for each application at runtime.

However, current technologies, such as AMD MI250X GPUs
available on the Adastra system, do not support adjustments to the
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Figure 2: Synthetic and Real Workloads Time-to-Solution, Energy-to-Solution and Mean Power at Different GPU Frequencies

on a Single GPU

HBM frequency. Therefore, our focus is on GPU core frequency
capping.

Thus, any further mention of "GPU frequency" refers to the
compute part of the GPU. The memory frequency remains constant
throughout the study.

3.2 Target Applications and Data Collection

Our study focuses on the emerging Al domain, which is witnessing
substantial growth in resource utilization and energy consumption.
To ensure the relevance and accuracy of our findings, we employ
milabench, a specialized Al benchmark suite developed by experts
at MILA. This suite is designed to reflect the contemporary needs
of the Al community [5].

We utilize version 1.0 (Nov 22, 2024) of milabench for all our
tests.

To assess the impact of GPU frequency on the runtime and
energy consumption of Al applications, we selected five synthetic
benchmarks and five Al workloads from milabench.

For each benchmark, we performed five runs on five different
nodes at various frequencies. For synthetic benchmarks, the fre-
quency step is 10Hz, while for real AI workloads, the frequency step
is 100Hz. This increased step for real Al workloads helps minimize
the system impact, as these benchmarks run for extended periods
and consume significant energy. The trends observed in synthetic

benchmarks provide a global overview of frequency settings’ im-
pact, while the frequency impact on Al workloads offers valuable
metrics to identify optimal settings for real-world Al applications.

We report Energy-to-Solution and Time-to-Solution using the
pm_counters available on the system [12, 13]. For all benchmarks,
we measure the energy consumption of each GPU and the entire
node. Energy-to-Solution is calculated using pm_counters, accessed
at the beginning and end of each run, while Time-to-Solution is
retrieved using the time command.

3.3 Synthetic AI Benchmarks

The selected benchmarks aim to provide an overview of the fre-
quency impact on various precisions for Al operations, as well as a
pure bandwidth GPU stream (BabelStream) [4]. The covered data
types are bfl6, fp16, fp32, and tf32.

Results are presented in Figure 2, illustrating the impact of GPU
frequency capping on performance (both Time-to-Solution and
Energy-to-Solution) at the GPU level. While most synthetic bench-
marks experience increased runtime, they all benefit from frequency
capping, which reduces their energy consumption.

Notably, the most significant gain is observed for the GPU stream,
with up to 20% energy savings while affecting the runtime by less
than 10%. A sweet spot for minimizing energy consumption across
all benchmarks appears around 1150MHz.
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Additionally, the figures reveal a linear relationship between
frequency and mean power for all synthetic benchmarks.

For computational benchmarks, achieving the best Energy-to-
Solution (ranging from 11% to 15% energy gain in the 1100-1200MHz
range) comes with a penalty in Time-to-Solution: approximately
25% for FP16, 35% for BF16, and up to 40% for FP32/TF32.

Another interesting observation is that lower precision opera-
tions are less impacted by frequency capping than higher precision
operations, which was unexpected. This finding warrants further
investigation to better understand how precision affects both run-
time and energy consumption, particularly in models addressing
energy consumption challenges.

Although the performance loss may seem significant, the poten-
tial energy gains are substantial. These results serve as a reference
for real-life Al application workloads, which will be discussed in
the next subsection.

3.4 Al Workloads Benchmarks

The selected benchmarks aim to provide an overview of the fre-
quency impact on various Al workloads, representative of different
Al domains such as CNNs, transformers, and LLMs for text, im-
ages, and videos. The following benchmarks were chosen from
milabench as they can run on a full single node, making it conve-
nient for studying the frequency impact on energy consumption
for a full node:

o diffusion-gpus: Transformer stable-diffusion-2 1B
o lightning-gpus: CNN ResNet152 60M

o resnet152-ddp-gpus: CNN ResNet152 60M

o vjepa-gpus: Transformer V-JEPA 632M

o llama:Transformer Llama-2.0 7B

To provide a perspective between the synthetic benchmarks and
real workloads, we first observe the impact of frequency control at
the GPU level in Figure 2 and in more detail in Table 1.

Compared to the synthetic benchmarks, the performance penalty
to achieve the best Energy-to-Solution value is relatively limited. It
ranges from 6-8% for lightning and resnet152 to 12-13% for diffusion,
vjepa, and llama.

However, the energy gains remain consistent, with savings rang-
ing from 10 to 15%, aligning with the previous results.

Comparatively, if we examine the node-level performance for
both energy and time, we observe in Table 1 that energy gains are
still present by reducing the GPU frequency, particularly around
the 1100MHz value.

The results reported at the node level account for the full energy
consumption of a compute node, including the 4 MI250X GPUs and
other subsystems (CPU, memory, interconnect, etc.). This explains
why the energy gains are lower than those observed for a single
GPU. The reduced energy gain compared to GPU-only gains is due
to the overhead at the node level, induced by multiple components
such as the Trento CPU, the 256GB of DRAM, and the network
interfaces. These components contribute approximately 20% of the
total energy consumption of the node, thereby reducing the overall
energy gain from GPU frequency settings.

To achieve the best energy consumption for our Al workloads,
we aim to reduce the GPU frequency to a range from 1100MHz to
1300MHz for this set of applications, as shown in the Pareto plots
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in Figure 3. Applying these frequencies will enable approximately
10% energy savings for performing the same simulations.

From these plots, we also notice that a good balance between
increased runtime and energy savings can be achieved by setting
the GPU frequency at the node level. Under a 5% runtime constraint,
most applications can benefit from substantial energy gains (around
7-8%).

Additionally, we note that for all applications, capping the fre-
quency down to 1000MHz increases the runtime and reduces the
energy gains. This is why we did not conduct tests below 1000MHz.

4 Energy Efficiency Optimization at Runtime

While the static approach presented earlier can yield significant
energy improvements, its success depends on the end user’s will-
ingness to prioritize energy efficiency over Time-to-Solution. Fur-
thermore, these solutions are often vendor-specific or tailored to
particular applications, making them difficult to apply across dif-
ferent scientific domains. This limitation hinders their widespread
adoption within a large user community.

Energy optimization at runtime should be accessible to every-
one without restrictions. Our goal is to provide this capability and
propose a metric that can lead to substantial gains, regardless of
the user’s understanding of the underlying hardware or software.

4.1 Energy Evaluation

To evaluate the energy consumption of any application, accurate
measurements of the energy used by the components running the
simulation are essential. While tracking time is straightforward
and universally implemented in computers, energy consumption is
often overlooked by users and operators.

However, modern supercomputers are equipped with the neces-
sary tools to measure the energy consumption of simulations. Work-
load managers such as SLURM, OAR, or Flux can easily retrieve
energy data using hardware counters available on the systems.

For instance, in this study, we used the pm_counters provided
by HPE on the Adastra supercomputer to measure the energy con-
sumption of simulations.

Tracking both energy consumption and time provides valuable
insights into an application’s performance. However, an even more
informative metric is the power profile of each application. While
energy and time offer performance metrics, power profiles provide
a dynamic overview of an application’s behavior.

Understanding an application’s power signal can be quite intu-
itive. For example, the power signal of an Al fine-tuning task for
Llama2-7b (Figure 4) on a GPU node clearly illustrates the differ-
ent phases of the application. It is easy to discern periods of high
power consumption, usually corresponding to high GPU usage,
from periods of lower power draw, where the GPU is less active.

This study of applications’ power signals is the core concept
behind our approach to enhance the energy efficiency of any work-

load.

4.2 HPC/AI Simulations: Exhibiting Patterns

Each AI/HPC simulation generates value for the user running it. We
expect that large supercomputer users produce scientific insights
with every computational campaign on the target HPC system.
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Freq diffusion-gpus lightning-gpus resnet152-ddp-gpus vjepa-gpus llama
(MHz) | Time Energy Time Energy Time Energy Time Energy Time Energy
GPU Node GPU Node GPU  Node GPU Node GPU  Node
1700 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
1600 1.02 0.98 0.99 1.03 0.96 0.98 1.00 0.97 0.98 1.02 0.97 0.97 1.04 0.97 0.98
1500 1.01 0.94 0.96 1.02 0.92 0.95 1.00  0.93 0.96 1.03 0.94 0.95 1.06  0.93 0.95
1400 1.00 0.90 0.93 1.00 0.89 0.92 1.02 0.92 0.95 1.05 0.92 0.93 1.10 0.93 0.93
1300 1.03 0.88 0.92 1.04 0.87 0.91 1.03 0.90 0.93 1.09 0.90 0.91 1.14 091 0.92
1200 1.06 0.87 0.90 1.09 0.86 0.90 1.05 0.88 0.92 1.13 0.89 0.91 1.22 0.91 0.92
1100 1.08 085 0.89 1.10 0.84 0.89 1.07 087 091 115 0.88 0.90 125 090 091
1000 1.14  0.86 0.89 1.16 0.84 0.89 110 0.87 0.92 1.22 0.89 0.91 136 091 0.93

Table 1: Impact of GPU Frequency on AI Benchmarks on Adastra-MI250X at GPU and Node Level

From this perspective, we can define that each run on the system
generates a normalized unit of scientific value. Let’s denote each
run as producing one unit of scientific value.

For each unit of science produced, there corresponds one sim-
ulation. This simulation runs over a certain time and consumes a
specific amount of energy. In a hypothetical scenario where time
is limited but energy is abundant, the goal would be to minimize
the time required for scientific production, disregarding energy
consumption. Conversely, if time is not limited but energy is scarce,
the focus should be on minimizing energy use, regardless of time.

Although computing centers want to maintain high throughput
of simulations, energy consumption becomes a significant concern
for both environmental and financial perspectives. That is why we
focus on the energy efficiency of simulations in this paper. Opti-
mizing the amount of scientific output produced per unit of energy
(Joules) is the significant metric we work on for any simulation
conducted on an HPC infrastructure.

Each simulation on the system is characterized by a workload,
which generates a power signal when executed on compute nodes.
The energy consumed by this workload is equivalent to the area
under the power signal curve (i.e., the integral of the signal). Thus,
minimizing this integral becomes the primary objective.

For regular simulations (those exhibiting recurring patterns), the
power signal can be divided into a series of consecutive patterns
from start to finish. For example, this pattern can be seen in the
30-second extract from a Llama2-7b fine-tuning run, as shown in
Figure 4. It is interesting to note that this run has iterations lasting
approximately 2 seconds each, aligning with the duration of the
human-readable pattern. The end of each iteration is marked by a
power drop at the node level.

4.3 Energy Efficiency Metric Definition

Assuming that any application’s signal can be segmented into N
consecutive patterns, minimizing the integral of the entire signal
reduces to minimizing the sum of the integrals of these patterns.

In the case of regular applications with repeating patterns, min-
imizing the sum of the integrals of the N consecutive patterns
reduces to a simpler problem: minimizing the integral of a single
pattern.

Thus, we propose a single metric for optimizing any regular
application: "energy per pattern,’ which corresponds to the area

under the power signal curve for a pattern within the application’s
run.

Since the application is a repetition of this pattern N times, the
minimization problem becomes straightforward, as the only metric
to minimize is the "energy per pattern.

Definition: Energy per Pattern The "energy per pattern” met-
ric corresponds to the energy consumed by an application pattern
based on an input power signal. This metric can be used to minimize
the total energy consumption of a regular application.

This concept is illustrated in Figure 5.

5 Energy optimization runtime

To optimize the energy per pattern of the Al workloads presented,
we designed a runtime that leverages energy retrieval capabilities
and frequency control based on pattern duration and energy con-
sumption. This is achieved using an FFT approach applied to the
power signal at the node level.

The runtime used in this paper consists of two Python programs:

e get_energy.py: Retrieves energy data at a specified rate.

e leo.py: Lightweight Energy Optimizer (LEO). Dynamically
adjusts the GPU frequencies of the node based on pattern
duration and energy consumption, calculated using an FFT
approach.

5.1

The energy is retrieved by the get_energy program at a sample
rate of 4Hz. While the pm_counters available on the node should
achieve an update frequency of 10Hz, we encountered some is-
sues with this rate and preferred to fall back to 4Hz for the study.
Achieving a higher sampling rate might improve the accuracy of
the results, but this was not explored in our research.

Energy and power counters are provided at the GPU and node
level in /sys/cray/pm_counters/.

Although this method is based on pm_counters, it can easily be
replaced by any other means of retrieving energy data at the node
level, such as:

Energy Retrieval

e rocm-smi (or nvidia-smi) for GPU consumption,

o Intel RAPL [3] or cpupower like tools for CPU consumption,

o Intelligent Platform Management Interface (IPMI) and Base-
board Management Controller (BMC) [20] for other subsys-
tems.
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Figure 3: Relative Performance Impact and Energy Gains for
Different GPU Frequencies at both GPU Level and Node Level

Summing all of the above can provide the same information, en-
abling this procedure to deliver the necessary data for the runtime.
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Figure 4: Llama2-7b Fine-tuning, with 4Hz Power Sampling
for 30 seconds

Thanks to the 4Hz sampling of the node power, we can provide
the power signal of the application as input for our runtime, which
will enable us to define the pattern duration and energy per pattern
of the application.

5.2 Pattern Retrieval

The Lightweight Energy Optimizer (1eo. py) program, briefly de-
scribed in 1, runs alongside the application as a standalone tool. It
requires the power signal provided by get_energy as input. The full
code of the runtime used for this study is available in the Appendix.

The leo.py program can be run with different window sizes,
which correspond to the duration over which multiple Fast Fourier
Transforms (FFTs) are performed. From these FFTs, a dominant
frequency of the signal is extracted. The inverse of this dominant
frequency defines the pattern duration. The extracted power values
are then integrated over the window length, and a mean energy
per pattern value is calculated.

Based on this energy per pattern value, a simple gradient descent
is applied to the frequency to minimize the energy used for comput-
ing a single pattern. The process is straightforward: if decreasing
the frequency results in energy savings, the frequency is further
decreased; otherwise, it is increased.

5.3 Relation between Application Power
Pattern and Capping Techniques

In order to validate that the pattern duration and energy metrics
could play a leading role in defining the best way to optimize any
regular application, we applied frequency capping techniques on a
fine-tuning benchmark based on Llama2-7b. This benchmark was
run five times at each frequency cap value, and the pattern durations
as well as energy per pattern were assessed comparatively to the
full run of the application. Both results are shown in Figure 6.

These two figures clearly show that the pattern duration and
energy per pattern are correlated with the full run for duration and
energy, respectively. This is coherent for a regular application such
as an LLM fine-tuning.
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Figure 5: Illustration of Pattern Duration and Energy per Pattern Control based on Frequency Changes

Algorithm 1 Dynamic Frequency Control at Runtime based on
Energy per Pattern

1: Procedure ADJUSTFREQUENCY()

2. if frequency increased then

3 if energy per pattern increased then
4 freq « lower_freq

5: else

6 freq < higher_freq

7 end if

8: else if frequency decreased then

9 if energy per pattern decreased then
10: freq « higher_freq
11: else
12: freq « lower_freq
13: end if
14: end if

15: return freq
16: End Procedure

17: Procedure ANALYZEPOWERSIGNAL()

18: Read and process the power signal file

19: Compute pattern duration and energy using FFT
20: End Procedure

21: Procedure MAIN
22: while True do

23: AnalyzePowerSignal
24: AdjustFrequency
25: Wait for next analysis

26: end while
27: End Procedure

6 Experimental Validation

This runtime has been applied to all the previously mentioned
Al workloads. The baseline results available in Table 1 serve as a
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(b) Energy per Pattern vs Energy-to-Solution
Figure 6: Pattern Duration vs Time-to-Solution and Energy

per Pattern vs Energy-to-Solution for a Llama2-7b Fine-
tuning

reference to validate that the runtime converged to a suitable GPU
frequency in order to minimize node-level consumption.
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6.1 Experimental Protocol

The experimental protocol is designed to ensure the reliability and
reproducibility of our Al benchmarking results. Each step serves a
specific purpose:

e Warm-up:

— The benchmark is run once to fetch the data and feed the
caches.

— This step mitigates the impact of initialization times on
subsequent tests, ensuring that further measurements re-
flect steady-state performance.

o Standalone:

— The benchmark is run in standalone mode, repeated 10
times.

— This steps measures the benchmark’s typical performance
for both Time-to-Solution and Energy-to-Solution.

e Dry-Run:

— The benchmark is run 10 times with the runtime enabled,
but without frequency control.

— This step measures the overhead introduced by the run-
time computations, crucial for understanding the computa-
tional cost associated with the real-time signal processing.

e Runtime On:

— The benchmark is run 10 times with the runtime continu-
ously active and controlling the GPU frequency.

— This step evaluates the runtime impact on the application
for both Time-to-Solution and Energy-to-Solution.

By following this protocol, we aim to achieve consistent and
comparable results, ensuring that the runs correctly reflect the
behavior of the currently implemented runtime.

6.2 Energy Optimization Results

Results are reported in Table 2. Most of the benchmarks behave as
expected, benefiting from a performance gain in terms of energy of
approximately 10%. However, the vjepa-gpus benchmark did not
benefit from the runtime, as no pattern could be found in the power
signal. Consequently, the frequency did not change. This is still an
interesting result, as it shows that the runtime did not affect the
behavior of the application.

6.3 Zoom on Pattern Duration and Energy per
Pattern

Our runtime enabled us to follow the value of our main metrics:
pattern duration and energy per pattern. The convergence of the
energy per pattern is shown in figure 7. We can observe that for all
the workload we obtained the target energy per pattern in about
400 seconds. This shows that this naive approach is still interesting
in terms of convergence time, as it can find a sweet spot in just a
few minutes, where runs could last for hours or even days.

Our runtime enabled us to track the values of our main metrics:
pattern duration and energy per pattern. The convergence of the
energy per pattern is shown in Figure 7. We can observe that for all
the workloads, we achieved the target energy per pattern in approx-
imately 400 seconds. This demonstrates that this naive approach is
still effective in terms of convergence time, as it can find a sweet
spot in just a few minutes, even though runs could last for hours
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or even days. In that perspective, it enables rapid energy savings
for long-running simulations.
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Figure 7: Energy per Pattern and GPU Frequency Evolution
during Application Runs

All the final metrics for pattern duration and energy per pattern
are reported in Table 3. We observe that these metrics follow the
same trends as the total energy gain of the application, as expected.

6.4 Overhead Evaluation

For all the runs, we used an FFT sliding window of 20 seconds, with
an FFT computation every 2 seconds. Our sampling rate for the
pm_counters is 4 Hz, resulting in 80 samples per 20 seconds.

In total, we compute 30 FFTs over 80 values per minute. Addi-
tionally, we set the frequency of the GPUs every time we find a
suitable spot for minimizing the energy per pattern metric.

As all of these actions could impact the global performance of
the applications, the runs were conducted in dry-run mode to assess
the overhead of the runtime.

The results of the overhead estimation are reported in Table 4.

The maximum overhead observed is 0.7% for the time metric
and 0.2% for the energy metric. Due to the very low computation
performed during the runs, it was expected that the overhead would
be close to 0 for both time and energy. The near-zero overhead on all
the applications makes this approach a perfect lightweight energy
optimization runtime for regular applications.



Run-time Energy-Efficiency Optimization for Al and HPC Workloads

Conference’17, July 2017, Washington, DC, USA

Standalone Runtime on Performance

Al Time to Energy to Time (s) Energy to Time to Energy to
Benchmark Solution (s)  Solution (Wh) | Solution (s) Solution (Wh) | Solution (s) Solution (Wh)
Node GPU Node GPU Node GPU
diffusion-gpus 2117 1202 1041 2385 1095 932 +12.7% -9.0% -10.5%
lightning-gpus 2227 1413 1124 2436 1275 969 +9.4% -9.8% -13.8%
resnet152-ddp-gpus 2635 1469 1161 2984 1320 998 +13.2% -10.1% -14.0%
vjepa-gpus 4713 1874 1442 4724 1878 1446 +0.2% +0.2%  +0.3%
llama 5108 3039 2545 5331 2859 2316 +4.3% -5.9% -9.0%

Table 2: Impact of our Runtime on Application Duration and Energy

Benchmark Pattern duration (s) | Energy per pattern (J) GPU frequency
Initial optimized Initial optimized ‘ Converged value (MHz)
diffusion-gpus 147 1.70(+16%) 3465 3049(-12%) 1240
lightning-gpus 0.64 0.72(+12%) 1627 1450(-11%) 1240
resnet152-ddp-gpus 0.63 0.76(+20%) 1609 1400(-13%) 1121
vjepa-gpus Not found Not found 1700
llama 1.20 1.24(+3%) 2797 2695(-4%) 1369

Table 3: Impact of our Runtime on Pattern Duration and
Energy

Benchmark Standalone Runtime off (dry-run) | overhead (%)
Time (s) Energy (Wh) | Time (s) Energy (Wh) | Time Energy
diffusion-gpus 2117 1202 2117 1203 +0.0%  +0,0%
lightning-gpus 2227 1413 2230 1414 +0.1%  +0.1%
resnet152-ddp-gpus 2635 1469 2655 1472 +0.7%  +0.2%
vjepa-gpus 4713 1874 4713 1874 +0% +0%
llama 5108 3039 5117 3039 +0.2% +0%

Table 4: Overhead of FFT Runtime over Al benchmarks on
Adastra-MI250X

6.5 Focus on Vjepa-gpus, the Non-Energy
Optimized Application

As discussed previously, the Vjepa-gpus benchmark is not optimized

by our runtime. To understand why, we plot 2 minutes of the power

signal of Vjepa-gpus in Figure 8.
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Figure 8: 2 minutes of 4Hz Sampling of Vjepa-gpus

We observe a 22 seconds pattern in this plot. Within this pattern,
smaller variations can be observed, but perhaps not as distinctly

as those seen for Llama2-7b. This could explain why we cannot
identify a smaller pattern within the signal. Since our FFT window
was set to 20 seconds for our tests, we cannot identify the 22 seconds
pattern either.

To address this issue and still optimize the application, we could
easily tune our implementation to extend its FFT window if no
pattern is found after a certain time. This would allow us to detect
larger patterns and enable frequency control for energy optimiza-
tion.

The fact that Vjepa-gpus is not optimized by the runtime high-
lights a limitation of the current implementation, which can be
easily fixed. The 4Hz sampling rate for power could also be a limit-
ing factor.

6.6 Insights and Discussions

The proposed runtime demonstrates a promising opportunity for
significant energy optimization in HPC and AI workloads, without
introducing overhead or requiring specific hardware or software
prerequisites. While the study focuses entirely on energy optimiza-
tion, it acknowledges potential performance trade-offs in terms of
execution time. The proposed runtime can be easily adapted to set
a pattern duration threshold, ensuring that performance remains
within acceptable limits during power optimization. This feature
was not implemented, as it was beyond the scope of the current
study.

Additionally, although we highlight limitations for applications
where patterns cannot be identified using our basic FFT approach,
it opens avenues for further research and immediate tuning of our
runtime. Future work could explore more sophisticated pattern
recognition techniques or machine learning methods to predict
and optimize energy consumption based on historical data. This
would extend the benefits of energy optimization to a broader
range of applications including those multi-patterns non regular
applications.

A key concern is ensuring that all users have access to relatively
fine-grained power measurement logs to utilize this approach ef-
fectively. While the accuracy of power measurements may not be
a critical issue, lower measurement frequencies might require in-
creasing the window size to identify larger patterns, potentially
taking more time to converge but remaining feasible. Moreover, the
ability to modify the frequency cap of GPUs and other hardware
components should be available to users interested in energy stud-
ies. However, security policies in many centers may restrict this
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functionality, limiting the application of energy efficiency strate-
gies. Nonetheless, system operators with appropriate rights can use
this approach to minimize the Energy-to-Solution for all workloads,
introducing no overhead.

7 Conclusion and Future Work

This paper demonstrates the feasibility of an application-agnostic
runtime designed to enhance the energy efficiency of HPC and Al
simulations. On top of being applications agnostic, this approach
is extremely lightweight (with almost no overhead in this naive
implementation), and tends to be hardware agnostic as well. Al-
though some limitations can exist for irregular applications, the
study shows that defining a global metric based only on the power
signal of any application can minimize its energy consumption. For
all of the presented benchmarks, we are able to identify patterns
and derive this metric to follow the "energy per pattern" values. The
most important point is that "energy per pattern" metric is easily
portable and understandable for any users and operators of HPC
and Al systems.

The energy benefits of this approach can be substantial, as many
AT workloads can achieve approximately 10% energy savings while
producing the same scientific output. In a world where energy
production is increasingly constrained, such lightweight, hardware-
and application-agnostic approaches can help balance the growing
demand for Al with the need for effective energy management by
HPC centers and cloud providers.

Finally, it is important to notice that, even if all the benchmarks
we run have a Time-to-Solution penalty, the Energy-to-Solution
is always better than the reference at the node level for all the
GPU frequencies we applied during this study. This demonstrates
that the GPU frequency control is extremely beneficial for Energy-
to-Solution and should be more taken care of by the HPC and AI
community.

Future work will focus on extending the "energy per pattern”
metric to irregular applications by treating the power signal as
a linear combination of multiple patterns, thereby enhancing the
runtime’s applicability and efficiency across a broader spectrum of
HPC and Al applications. Additionally, the runtime will be adapted
to support any GPU hardware using agnostic libraries such as Vari-
orum [19]. Finally, the impact of an increased power measurement
frequency on the overall performance of the runtime will also be
studied.
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