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Abstract—As GPUs have grown more popular and become
commonplace in datacenters, GPU power consumption has
become a more important metric than ever before. Power
behavior should be a major consideration in all stages of GPU
design, development, and deployment. However, accurate power
evaluation is difficult because modern-day GPU workloads are
large and complicated, and rapid advances in popular datacenter
workloads means that the power profiles of these workloads
change often. To solve this problem, we introduce Power Ranger,
a GPU power benchmark generator that can replicate power
behavior from any arbitrary workload using only a reference
device and a trace of power over time. Power Ranger’s generated
workloads replicate real workload behavior using simple kernel
launches selected from a look-up table. Because Power Ranger
only requires a power trace and device, and does not require
any code from the target workload, it can also create real GPU
workloads that match any desired power behavior. This capability
enables the generation of custom power benchmarks and stress
tests that can be executed on real GPU hardware. We evaluate
Power Ranger using several real and synthetic workloads, and
we find that Power Ranger is able to reproduce original power
traces with a MAPE of 5% or less for all cases.

Index Terms—GPU, Power, Energy, Benchmarking, DVFS

I. INTRODUCTION

GPUs have become crucial for efficient datacenter compu-
tation due to the growing popularity of highly parallelizable
workloads such as machine learning (ML). However, power
budgeting is now a major constraint as datacenters proliferate
on existing power grids. In addition, GPU idle and active
power levels increase with each new architecture genera-
tion [3] [4] [5]. Because GPU architectures and workload
characteristics develop rapidly, adaptable and flexible GPU
power evaluation methodologies are needed, especially at the
device level.

To this end, we introduce Power Ranger, a framework
for generating simple GPU workloads that can match the
power output of any arbitrary target workload. The generated
workloads consist only of a schedule of kernel launches, and
each kernel consists of simple assembly-level instructions,
eliminating the overhead of complicated runtime frameworks
that are commonplace in real GPU workloads. Power Ranger
addresses the gap in GPU device-level power benchmarking
by providing a framework for custom benchmark generation.
Using Power Ranger, GPU hardware engineers can evaluate
device power behavior early in the design process. Power
Ranger’s generated benchmarks are portable and easy to
simulate in RTL. Power Ranger also provides infrastructure

for creating custom power stress tests, enabling thorough
evaluation of device power characteristics at the pre-silicon
phase as well as device and system level testing of power
mitigation techniques such as DVFS.

II. BACKGROUND

As cloud computing workloads such as ML evolve, GPU
datacenters require more power, and GPU power profile
characteristics change often [2] [13] [8]. Several methods of
mitigating this power consumption have been proposed, at
both the system and device level [9] [16] [12] [10] [15].
To aid in the development of these methods, accurate power
characterization and benchmarking are needed. Prior work in
GPU benchmarking has focused on the systems level [11] [18],
and device-level evaluation is primarily limited to ML models
and stressors [1] [7] [14]. To the best of our knowledge, no
work for generating individual GPU power benchmarks yet
exists. We therefore develop Power Ranger, a flexible method
for enhancing device-level power evaluation.

III. THE POWER RANGER FRAMEWORK

The Power Ranger framework consists of two main com-
ponents: a kernel look-up table (LUT) that maps power levels
to executable kernels, and a workload generation module that
constructs workloads matching target power traces.

A. LUT Generation

The kernel LUT provides the foundation for proxy genera-
tion by mapping low-level kernels to their power consumption
levels. We generate the LUT by sweeping runtime vari-
ables across microbenchmark kernels to cover the GPU’s full
power range. These variables, including thread count, active
warp proportion, and input sparsity, significantly affect power
consumption. We retain only kernels with power standard
deviation below 3W to ensure reliable, steady power levels.

B. Power Ranger Workload Generation

Power Ranger constructs executable workloads that replicate
target power traces by sequentially selecting and validating
kernels from the LUT. As illustrated in Figure 1, the frame-
work processes the input trace incrementally, building the
replicated workload one sample at a time.

For each timestep, the framework extracts target power and
temperature values, then uses binary search to efficiently locate
a matching candidate kernel in the LUT. The candidate kernel

979-8-3315-5103-2/26/$31.00 ©2026 IEEE 661

DOI 10.1109/ISPASS69572.2026.00073
Authorized licensed use limited to: University of Texas at Austin. Downloaded on July 31,2026 at 14:26:04 UTC from |IEEE Xplore. Restrictions apply.



Magnitude and
Duration Adjustment

Pwr.
Temp

Jo

- Pwr.
Temp.

Single Data Point

,T‘

‘ Target Power Trace ‘ —_—> —_—>

B

Retrieve Matching S
Kernel From LUT

Complete proxy
e Ry

Fig. 1.

Framework used for workload generation. For each data point, power and temperature of the input trace are recorded. The power and temperature

are fed to the kernel LUT, which outputs a corresponding kernel that will generate this power behavior. The kernel is appended to the new workload.

is executed on the target device, and its actual power output is
measured and compared against the target value. If measured
power matches the target within acceptable tolerance, the
kernel is appended to the workload schedule. Otherwise, the
binary search adjusts the kernel selection and repeats the
measurement process. This iterative refinement continues until
a kernel produces stable, accurate power output matching
the target. The final output is a complete program ready for
compilation and execution on the target device.

IV. EVALUATION
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Fig. 2. Comparison of power traces from our generated replication workloads
(blue) with the target trace used as input for various workloads (red).

TABLE 1
STATISTIC COMPARISON OF REPLICATED WORKLOADS TO THEIR
TARGETS.
Benchmark MAPE | DTW | Z-score
%o DTW
Synth_stalagmite 3.76 46.46 1.03
Synth_stalactite 4.19 98.07 1.97
Deepseek_VLLM 4.44 96.42 5.79
Gemma_VLLM 491 69.19 3.014

We demonstrate Power Ranger’s accuracy by generating
replications for several workloads and comparing the power

662

trace generated by the replication workload against the original
power trace used as input, which we refer to as the target
power trace. Our real target workloads and generated replica-
tion workloads are run on an NVIDIA A100 GPU. We use an
AMD EPYC 7742 CPU running Ubuntu 22.04.5 LTS as our
runtime environment. For our real workloads, we collect power
traces of single-batch inferences on Deepseek [6] and Google
Gemma [17] models. We also generate several synthetic traces,
which are created artificially instead of generated on a real
GPU. Power Ranger is able to create a real GPU workload
that matches a synthetic power trace, allowing for custom
GPU power stress tests.

Figure 2 presents a visual comparison between the target
traces and the traces generated using our replicated workloads.
In our synthetic trace replication experiments, our Z-score
DTW distance is less than 2, indicating a close match between
the target and replication trace. Z-score DTW distance of our
real workloads is slightly higher, around 3-5. In all cases,
our MAPE is below 5%. The metrics in all cases show close
correlation between the target traces and our replication traces.

V. CONCLUSION

Power Ranger provides a flexible framework for replicating
GPU power behavior from arbitrary workloads using only
power traces and target hardware. By generating simple kernel-
based workloads that accurately match target power profiles,
Power Ranger enables comprehensive power evaluation with-
out requiring access to original workload code. This capability
supports critical use cases including pre-silicon validation,
DVES testing, and custom stress test generation for evolving
datacenter workloads.
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