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Abstract

Understanding and mitigating GPU power events benefits from
benchmarks that run across evaluation platforms, from RTL sim-
ulation to production hardware. However, GPU power events are
difficult to reliably replicate, even when the same workload is run
on the same hardware. To this end, we introduce Power Ranger, a
framework that generates lightweight, executable GPU workloads
whose power profiles track a broad class of target profiles. Targets
can originate from real applications or synthetic patterns defined
by the user. Power Ranger requires only a target power trace and
access to the target device, rather than source code from the origi-
nal workload, and its replicated workloads are more amenable to
RTL simulation, hardware emulation, and real-silicon testing than
full software-stack workloads. We validate Power Ranger on two
GPU architectures from different vendors, demonstrating a MAPE
0f 4.91% or less across all evaluated benchmarks. We further demon-
strate Power Ranger’s utility through case studies in device-level
DVFS characterization and system-level multi-GPU power analysis.
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1 Introduction

GPUs have become the dominant compute engine in modern data-
centers, driven by the rapid adoption of highly parallelizable work-
loads such as large language model (LLM) training and inference [4].
This prominence comes at a steep power cost. GPU operational
power consumption has escalated with each successive genera-
tion: for example, NVIDIA datacenter-scale GPU thermal design
power (TDP) has grown from 400 W on the NVIDIA A100 [6] to
700 W on the H100 [7] and 1000 W on the GH200 [8]. A single GPU
server can consume up to five times the power of a comparable
CPU server [14]. More importantly, GPU power consumption is
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not static. The highly parallel architecture of modern GPUs pro-
duces power profiles tightly coupled to instantaneous compute and
memory intensity during runtime. A workload alternating between
dense tensor operations and memory-bound communication phases
can exhibit power swings of hundreds of watts within milliseconds.
These highly dynamic power characteristics create several pressing
challenges for GPU design, deployment, and operation.

First, fluctuating GPU power complicates datacenter power bud-
geting. Datacenters operate under strict power envelopes dictated
by contracts with utility providers, and operators commonly over-
subscribe their infrastructure to maximize utilization [32] [24]. Ac-
curate forecasting of device-level power draw is essential, yet unpre-
dictable GPU power swings make this forecasting difficult. Second,
highly variable power undermines the efficacy of power manage-
ment techniques. Dynamic voltage and frequency scaling (DVEFS)
is the primary mechanism for regulating GPU power [27] [46], but
its effectiveness depends on the power patterns of the workload.
Frequency overadjustments and underadjustments are common in
practice [41], and in some cases, a power cap does not prevent tran-
sient spikes from overshooting the configured limit [33]. Finally,
large and rapid power transitions raise device reliability concerns.
LLM workloads frequently alternate between high-power compute
phases and low-power communication phases, generating repeated
large-magnitude power swings [38] [15]. These swings accelerate
electromigration, increase the risk of transient faults, and contribute
to silicon aging [50] [22]. In order to develop reliable and sustain-
able devices and systems while scaling up compute capability, we
must address all three challenges. However, addressing these
challenges requires the ability to reproduce targeted GPU
power behavior in a controlled, repeatable manner.

Adverse GPU power events are a growing concern, and GPU
reliability should be emphasized early in the development cycle.
Ideally, GPU power behavior would be characterized as early as
the pre-silicon phase to enable more power-aware device archi-
tectures. However, reproducing specific GPU power events is
difficult because modern GPU workloads depend on a com-
plex, multi-layered software stack. LLM inference, for example,
is typically orchestrated by high-level serving frameworks such as
vLLM [20] that make numerous online decisions affecting instanta-
neous power draw. In addition, decisions made by the driver and the
GPU scheduler affect power by determining which kernels overlap
in execution, if any. Finally, the input prompts and model weights
themselves affect power significantly, as data sparsity plays a huge
role in power consumption. These factors make power events diffi-
cult to reproduce even on the same hardware, and make running
such workloads in RTL simulation impractical.
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Beyond the difficulty of reproducing real workloads, there is a
complementary need to evaluate GPU reliability against arbitrary
power events, including those not observed in existing workloads.
Such a capability can be used to probe specific power behaviors,
stress-test DVFS mechanisms at particular transition rates and mag-
nitudes, or evaluate reliability under controlled conditions that a
future workload may produce. GPUs that can withstand hypothet-
ical and potentially stressful power events are better positioned
to adapt reliably to emerging workloads. While existing bench-
marks measure GPU power and existing stressors can drive power
toward its limits [37] [11] [12], no existing framework gener-
ates executable GPU workloads that follow a user-defined
power-over-time profile.

To address both the difficulty of reproducing real power behavior
and the absence of tools for generating synthetic power profiles, we
introduce Power Ranger, a framework for generating lightweight
GPU workloads whose power output matches a broad class of target
power profiles. As illustrated in Figure 1, Power Ranger takes a
power-over-time profile as input and produces a real, executable
workload that reproduces the specified power behavior on a target
GPU. Notably, Power Ranger requires no source code from the
original workload and only needs the target power profile and
access to the target device. Because the generated workloads are
free of heavyweight runtime frameworks, they are more suitable for
pre-silicon and early post-silicon testing than full software-stack
workloads.

We present the following key contributions:

(1) We introduce Power Ranger, a framework that synthesizes
GPU workloads to match a broad class of user-defined target
power profiles. This process requires only the target profile
and access to the target device as input, whether the target
originates from a real application or is entirely synthetic.

(2) We validate Power Ranger on two GPU architectures from
two different vendors, demonstrating that it can replicate
both real workloads and synthetic power profiles with a
mean absolute percentage error (MAPE) of 4.91% or less in
all cases.

(3) We present two case studies demonstrating Power Ranger’s
practical utility. The first is a device-level DVFS characteriza-
tion that reveals a two-stage frequency response mechanism.
The second is a system-level evaluation of staggered GPU
execution as a mitigation strategy for synchronized power
swings across an 8-GPU node.

The remainder of this paper is organized as follows. Section 2
discusses background and related work. Section 3 presents the
Power Ranger framework. Section 4 validates Power Ranger on real
and synthetic workloads. Section 5 demonstrates Power Ranger’s
utility through two case studies, and Section 6 concludes the paper.

2 Background

Evaluating modern GPU power management strategies requires
understanding both the hardware mechanisms used to regulate
device power and the limitations of the workloads used to test them.
This section outlines how GPU power is controlled in practice and
highlights the critical gaps in existing benchmarking methodologies
that hinder systematic, reproducible power evaluation.
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Figure 1: Overview of Power Ranger framework inputs, out-
puts, and potential use cases.

2.1 System and Device Level Power
Management Techniques

Datacenters typically operate under strict power budgets set by
contract with utility providers, yet they host more clusters than
those budgets can accommodate at full load [24]. This deliberate
power oversubscription improves utilization but requires continu-
ous power monitoring and workload regulation to prevent budget
violations. DVFS and power capping are widely used mechanisms
for keeping individual GPU power draw within acceptable lim-
its. However, power caps and DVFS schemes can be configured
in many ways, and finding a configuration that maximizes perfor-
mance while respecting power constraints is non-trivial [5].

Total device power has two components: static leakage power
and dynamic switching power. Many power management mecha-
nisms primarily affect dynamic power, which is governed by the
equation:

2
denamic =aCVv*f (1)
where a is the device activity factor (fraction of logic switching per

cycle), C is the effective switching capacitance, V' is the supply volt-
age, and f is the clock frequency [27]. This equation highlights two
main handles for dynamic power reduction: limiting a by changing
what work runs and when, or limiting V and f through device-level
DVFS mechanisms.

The first approach, reducing a, is typically applied at the system
level. Prior work in this area includes scheduling or batching in-
ference requests such that GPUs spend less time at peak compute
intensity, lowering the average activity factor [43] [53] [34]. These
schemes anticipate workload behavior and configure execution so
that power targets are met while latency requirements are still satis-
fied. However, applying this approach at the level of individual GPU
kernels is impractical in modern serving environments. High-level
frameworks such as PyTorch and vLLM abstract away low-level
kernel launches, making fine-grained activity control inaccessible
to the operator.

The second approach, reducing V or f, is implemented through
DVEFS. At the device level, two methods are common: setting the
GPU streaming multiprocessor (SM) clock frequency statically, or
enforcing a power cap that the hardware enforces by dynamically
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adjusting frequency at runtime [33]. Voltage scaling is also sup-
ported on some devices, but frequency scaling is more widely avail-
able and is the dominant method in the literature [27]. Prior work
has explored DVFS optimization from both device-level and system-
level perspectives. At the device level, works such as [19], [52],
and [54] use search algorithms and machine learning (ML) models
to dynamically select an operating frequency that balances power
and performance for a given workload. At the system level, works
such as [44], [24], [16], and [42] adjust per-GPU power caps and
frequencies based on cluster-wide power state and incoming work-
load characteristics. Some works combine both dimensions, jointly
tuning batch size and clock frequency to find a Pareto-optimal
operating point [53] [28].

A critical limitation shared by all of these schemes is that they
are typically validated using real production workloads, which are
nondeterministic and difficult to reproduce at will. Because DVFS
and power caps are heavily workload-dependent, evaluating their
behavior requires workloads that can reproduce specific power
magnitudes, transition rates, and temporal patterns. Power Ranger
addresses this need by creating controlled workloads that expose
how these mechanisms respond to specific, repeatable power pro-
files.

2.2 Prior Work in Power Benchmarking and
Characterization

Significant effort has recently been directed at quantifying, predict-
ing, and modeling GPU power consumption in the context of ML
workloads [40] [38] [25] [13] [10] [35]. While these works provide
valuable insights into power behavior, they answer a complemen-
tary question: they predict or model the power of a given workload,
rather than generating an executable workload for a target power-
over-time behavior.

Two server-level power benchmarks are widely used.
SPECpower, introduced in 2008, evaluates a server across multiple
load levels that represent different traffic intensities [21]. While
this methodology captures the effect of utilization on energy
efficiency, its workloads are outdated and no longer reflect typical
datacenter deployments [36]. SPEC announced SPECpowerNext
in 2021 to address this gap, but the benchmark has not yet been
released. MLPerfPower, released more recently by MLCommons,
benchmarks the energy efficiency of systems executing ML
workloads [51]. Unlike SPECpower, MLPerfPower can benchmark
power consumption for both large datacenters and CPU-GPU
systems, but it does not evaluate single-GPU power on its own,
and it is restricted to ML tasks. While standard benchmarks
measure energy efficiency well, neither provides device-level power
generation or allows a user to target specific power behaviors.

Device-level GPU power benchmarking is severely limited. Sev-
eral works use ML to predict GPU power consumption of a given
workload based on workload characteristics [2] [13]. While these
models provide valuable estimations of what a workload will con-
sume, they do not generate an executable workload that produces
a desired power level. The closest existing tool is Guser [37], which
uses a search algorithm to assemble low-level GPU instructions that
maximize power draw, producing a TDP stressor for a given device.
While Guser successfully targets maximum power, it cannot pro-
duce workloads at intermediate power levels, reproduce a specific
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power profile over time, or generate synthetic power patterns. No
existing GPU framework, to our knowledge, generates executable
workloads that track user-specified power-over-time profiles across
real and synthetic targets.

In contrast, custom benchmark generation is a well-established
practice in the CPU domain. In [30], proxy workloads are gener-
ated to emulate the performance characteristics of a reference CPU
workload, with configurable knobs for instruction mix, memory
access patterns, and parallelism. These proxies are used to study per-
formance corner cases and to shorten simulation time without loss
of representativeness. Similarly, [3] produces compact test cases
that mimic PowerPC workload behavior at a fraction of the original
execution time. Custom CPU benchmarks and stressmarks for areas
other than strictly performance evaluation have also been proposed.
For example, [17] and [18] generate benchmarks to evaluate CPU
reliability against power-related events such as voltage droops. The
key insight from these CPU works is that synthetic, configurable
benchmarks can be far more effective than real workloads for sys-
tematic evaluation. Power Ranger brings a similar proxy-generation
philosophy to GPU power behavior, generating targeted workloads
for power evaluation.

3 The Power Ranger Framework

Power Ranger converts a target power-over-time profile into an
executable proxy workload in two stages. First, it builds a device-
specific kernel look-up table (LUT) by profiling parameterized ker-
nels across a wide range of achievable steady-state power levels.
Second, it uses the LUT as a guide to search for kernels that re-
produce each target power sample and duration. Targets may be
measured from real workloads or defined synthetically for user-
specified stress scenarios. The following subsections describe the
framework in detail.

3.1 LUT Generation

The kernel LUT provides the foundation for proxy generation by
mapping low-level kernels with varying runtime configurations
to their respective power consumption levels. Building this table
requires systematically sampling the achievable power range of the
target device using kernels whose activity, occupancy, and duration
can be controlled.

As illustrated in Figure 2, to generate the LUT, we sweep runtime
variables across a set of base kernels (Table 1). These base kernels are
designed around common GPU execution resources, with vendor-
specific implementations for distinct GPU architectures.

To sweep a wide range of power levels, we employ tunable run-
time variables that have a significant effect on power consumption
(Table 2). Grid and block dimensions (gridDim, blockDim) deter-
mine the total thread count. The activeWarps and activelanes
specify the fraction of the GPU performing active computation ver-
sus idling. The sparsity parameter controls the proportion of zero
values in inputs to reduce computational intensity. The iteration
parameter controls the number of consecutive instruction-loop it-
erations within a single kernel launch. This knob adjusts kernel
duration and is later used to align generated kernels with the time
interval of the target profile. Because these base instruction kernels
execute continuously without unexpected memory stalls, running
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Figure 2: Kernel LUT generation process. By sweeping runtime variables across multiple base kernels, we execute diverse
configurations to cover a wide range of achievable steady-state power levels and build the kernel power look-up table (LUT).

Table 1: Base kernels used for power sweep.

Kernel Name
int_mac
fp_fma / vfma
mma / mfma

Description
Integer MAC instruction
Scalar FMA (CUDA Cores / Vector ALUs)
Matrix MAC (Tensor Cores / Matrix Cores)

GEMM Highly optimized GEMM kernel
Table 2: Variables for each kernel launch.
Variable Description
gridDim Number of blocks to launch
blockDim Number of threads in each block
iteration Instruction-loop iterations per kernel
activeWarps | Fraction of active warps/wavefronts
activeLanes Fraction of active lanes per warp
sparsity Amount of 0 values in the input

identical configurations for many iterations produces highly stable
power measurements. We filter the LUT to retain only kernels with
a power standard deviation below 3 W across repeated runs. In our
evaluation, this removes approximately 25% of candidate configu-
rations. We observe that instruction-level kernels are highly stable,
while library GEMM kernels exhibit larger variation and are more
frequently filtered.
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Figure 3: Power consumption heatmap for two different base
kernels across varying lane utilizations and block dimen-
sions, run on AMD MI300X. Higher active warp and active
lane utilization result in elevated power consumption. Larger
block dimensions increase hardware multiprocessor occu-
pancy, further increasing power consumption.

To demonstrate how these runtime variables provide fine-
grained control over GPU power, we provide a heatmap of empirical
power behavior across different block dimensions and lane utiliza-
tions as shown in Figure 3. The vertical axis represents the block

dimension (blockDim), which directly controls multiprocessor
occupancy. Larger launch configurations increase the number of
resident warps and active execution resources, scaling up baseline
power consumption. The horizontal axis represents active lane
utilization, an execution masking mechanism controlled by ad-
justing the percentage of active warps and lanes. Masking these
execution units substantially impacts power output; for instance,
increasing active warps from 25% to 100% increases power by nearly
200 W, while a similar increase in active lanes raises power by ap-
proximately 80 W. By tuning these architectural levers to either
maximize occupancy and utilization or heavily mask execution,
Power Ranger can sweep a wide range of achievable steady-state
power levels on the target device.

In addition to thread and occupancy controls, data characteristics
also significantly affect power draw. Specifically, the sparsity of
the input matrices offers another powerful control lever. As shown
in Figure 5, when executing GEMM operations, increasing the spar-
sity results in a gradual but significant decrease in median power
consumption. The power exhibits a wide dynamic range, dropping
by nearly 100 W from approximately 300 W at 0% sparsity down to
less than 200 W at 100% sparsity.

In this work, we focus on compute-bound kernels and show
that they are sufficient to reproduce the board-level power profiles
evaluated in Section 4. Different kernel types naturally occupy dis-
tinct power baselines: int_mac covers low-to-middle ranges; fp_fma,
mma and GEMM cover middle-to-high ranges. While the frame-
work maintains natively tailored kernel implementations for each
vendor to ensure maximum hardware control, the high-level LUT
generation methodology remains portable across GPU architec-
tures.

LUT density is configurable based on required power granu-
larity. In our evaluation, we sweep approximately 2000 configu-
rations. Each configuration is run for approximately two seconds
and repeated at least three times to estimate run-to-run variation,
including variation caused by thermal changes. Construction takes
approximately three hours per GPU and is performed once per
device. The LUT serves as an ordered reference indicating which
configurations tend to produce higher or lower power, not as an
exact prediction model.

3.2 Power Ranger Workload Generation

Power Ranger constructs a proxy workload by processing the target
power profile one sample at a time. As illustrated in Figure 4, each
sample defines a target power value and a duration. For each sample,
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Figure 4: Framework used for workload generation. For each data point, power and temperature of the input power profile are
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computational intensity and power draw.

Power Ranger first searches for a kernel configuration that produces
the desired power, then adjusts the iteration count to match the
required duration. Power matching and duration matching are
handled as separate but coupled steps.

Power search is guided by the LUT. The LUT records the mea-
sured power of profiled kernel configurations and provides an or-
dering from lower-power to higher-power candidates. Because ab-
solute power can shift across runs due to environmental conditions,
thermal state, and system configuration, Power Ranger does not
treat the LUT as an exact oracle. Instead, it uses the LUT to choose
an initial candidate and a direction for search. The candidate is exe-
cuted on the target GPU, and the measured power is compared with
the target using a user-defined tolerance. In our experiments, we
use a tolerance of 1 W when the software power interface provides
sufficient granularity.

If the measured power is outside the tolerance, Power Ranger
adjusts the candidate using a multi-stage search. Large power er-
rors trigger a coarse search over the LUT to quickly approach the
target power region. Once the measured power is close to the tar-
get, the framework switches to a local search over neighboring
configurations. A final incremental search is used to enter the tol-
erance window or to select the closest stable candidate when no
configuration satisfies the tolerance exactly.

To reduce generation time, Power Ranger evaluates multiple
candidate kernels in parallel during the power search stage. These
candidates are initially tested using the same duration so that power
matching is decoupled from duration tuning. After selecting can-
didate kernels with suitable power levels, Power Ranger searches
over the iteration count to match the duration of the corresponding
target sample. Since the iteration count controls the number of
instruction-loop iterations within the kernel, this duration search
is deterministic and can be performed efficiently. If changing the
duration shifts the measured power, Power Ranger performs a final
small adjustment to recover the target power level.

When temperature information is available in the target profile,
Power Ranger uses it as an auxiliary lookup feature to prefer can-
didates measured under similar thermal conditions. Temperature is
not treated as a directly controlled variable. Instead, it helps reduce
error caused by thermal-dependent power variation.

The effective resolution of the generated workload is bounded
by the power sampling interface, kernel launch overhead, and the
minimum stable kernel duration. In our evaluated platforms, Power
Ranger can reproduce profiles at the millisecond-level granularity
exposed by vendor software power interfaces such as NVML and
AMD SML

After both power and duration are matched, the selected kernel
configuration and iteration count are appended to the proxy sched-
ule. After all target samples are processed, Power Ranger executes
the complete workload and compares the measured proxy power
profile against the target power profile. The output is a complete
CUDA or HIP program ready for compilation and execution on the
target device.

3.3 Synthetic Workload Generation

Beyond replicating real application profiles, Power Ranger can also
generate custom workloads from synthetic power profiles. Users
can programmatically define target power behaviors within the
achievable power and timing envelope of the device, including step
functions, square waves, sustained high-power intervals, and tar-
geted power spikes. These profiles do not require a corresponding
real application. Instead, they are passed to the same workload
generation module and processed in the same way as measured
power profiles.
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This capability produces real, executable workloads for hypothet-
ical, rare, or difficult-to-capture power scenarios. Unlike software-
only simulation, the generated workloads execute as native GPU
code and exercise actual hardware resources. As a result, they cap-
ture device-level power and thermal behavior that purely software-
level models cannot represent. This makes synthetic profile genera-
tion useful for design-time evaluation, DVFS stress testing, power-
delivery analysis, and reliability studies. It also allows architects
and system designers to evaluate future workload patterns or stress
scenarios before they appear in deployed applications.

4 Evaluation
4.1 Methodology

We evaluate Power Ranger by generating proxy workloads for real
and synthetic target power profiles and comparing each proxy’s
measured power against its input target. The evaluation covers
two GPU architectures from different vendors: an NVIDIA A100
with 400 W TDP [6], and an AMD MI300X with 750 W TDP [1].
The A100 system uses an AMD EPYC 7742 CPU with Ubuntu and
CUDA 12.2, and the MI300X system uses an AMD EPYC 7V13 with
Rocky Linux and ROCm 7.2.0. A100 real workload targets are col-
lected from single-batch DeepSeek [9] and Google Gemma [48]
inference using vLLM [20], while MI300X targets are collected from
Qwen3.5 [49] and Gemma 3 [47] inference using PyTorch [31]. We
also evaluate synthetic targets that exercise controlled transitions:
Step Up-Down and Step Down-Up for monotonic steps, Square
Wave for repeated high/low oscillations, and Stalagmite/Stalactite
for isolated spike-like events. As discussed in Section 3.2, the ef-
fective temporal resolution is bounded by the vendor telemetry
interface, kernel launch overhead, and minimum stable kernel dura-
tion; on our platforms, this corresponds to millisecond-level power
profile granularity. For each target, Power Ranger generates a se-
quence of kernel launches from the device-specific LUT, executes
the generated workload on the same device, and compares the
resulting profile with the target.

4.2 Evaluation Metrics

These workloads test two aspects of replication quality: absolute
power-level matching and temporal profile similarity. We therefore
report average/peak power error, MAPE, raw DTW, and normalized
DTW. Let T and R denote the target and replicated power time series
with n aligned samples.

4.2.1 Power-Only Metrics. Table 3 reports average power error and
peak power error, which evaluate absolute power-level matching.
Error percentages are calculated as:

metrict — metricg

Errormetric = %100 (2)

metricT

4.2.2 Time Series Metrics. We report mean absolute percentage
error (MAPE) to evaluate point-wise time-aligned profile accuracy:

l n
MAPE =100- 3" 3)
n
i=1

T; — R;
T;

To evaluate similarity when small timing shifts exist, we also cal-
culate dynamic time warping (DTW) distance. DTW accounts for
small phase or timing shifts by finding a minimum-cost alignment
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between T and R using squared point-wise power difference as the
local cost:

c(i,j) = (T; = Rj)?* @
We compute DTW using the dtaidistance library [26]. Because raw
DTW depends on profile length and power scale, we report it only
for completeness and use normalized DTW for cross-workload
shape comparison. Normalized DTW applies DTW after transform-
ing each sequence T into its Z-score normalized form T’ [39] [45]:

T. —
T = LT AT ()
or
where uT and or are the mean and standard deviation of the se-
quence. This ensures each point is represented by its number of

standard deviations from the power profile mean.

4.3 Results

Figures 6 and 7 compare target profiles with Power Ranger-
generated replication profiles on the A100 and MI300X. Across
both real and synthetic targets, the generated workloads track the
main power transitions and steady-state regions. Table 3 shows
that the A100 profiles’ average power error is below 2% for all
workloads, while peak error is below 2.6% for synthetic profiles
and reaches 3.22% and 6.34% for DeepSeek and Gemma inference,
respectively. These larger peak errors occur in real inference power
profiles with abrupt workload-dependent swings. For the MI300X
profiles, average power error remains below 1%, and peak power
error remains within 2.5% for all workloads.

MAPE remains below 5% across all evaluated workloads: 3.21%
to 4.91% on the A100 and 0.15% to 1.92% on the MI300X. MI300X
profiles show lower MAPE primarily because the real inference
profiles from MI300X contain long low-variance regions separated
by short prefill spikes, whereas the A100 inference profiles have
more frequent fine-grained fluctuations. Since MAPE is computed
point-wise, small local timing differences have a larger effect on
the A100 power profiles. For the spike-heavy MI300X inference
profiles, MAPE should be interpreted together with peak-power
error, DTW-based metrics, and the visual comparisons, because
short spikes occupy only a small fraction of the total profile.

Raw DTW varies widely because it depends on profile length,
power scale, and shape, so we use normalized DTW for cross-
workload comparison. A100 synthetic profiles achieve normalized
DTW below 2, while real A100 workloads are higher due to runtime
variability. MI300X normalized DTW ranges from 1.14 to 9.49; the
largest value occurs for Gemma 3 inference, where small timing
offsets around short prefill spikes are amplified after normalization
despite low MAPE and peak-power error. Overall, the combined
metrics show that Power Ranger accurately reproduces the evalu-
ated real and synthetic power behaviors across both GPU vendors.

Taken together, these results validate Power Ranger as a power
profile replication mechanism rather than merely a collection of
hand-tuned stress kernels. The evaluated targets span steady tran-
sitions, repeated oscillations, isolated spikes, and real inference
workloads, demonstrating that the LUT-guided generation process
can reproduce both stable regions and abrupt power changes within
the telemetry resolution of the target platform. At the same time,
this validation is intentionally scoped to power-profile fidelity: it
does not claim to reproduce the original application’s instruction
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Table 3: Statistical comparison between target profiles and Power Ranger-generated workloads. Raw DTW is scale- and length-

dependent and is reported for completeness.

Benchmark Avg. Power Error (%) ‘ Peak Power Error (%) ‘ MAPE (%) ‘ Raw DTW | Normalized DTW
A100
Step Up-Down 0.02 0.93 4.56 58.71 0.83
Step Down-Up 0.65 2.23 3.21 54.92 0.71
Stalagmite 1.19 2.55 3.76 46.46 1.03
Stalactite 1.73 0.49 4.19 98.07 1.97
DeepSeek vLLM Inf. 1.43 3.22 4.44 96.42 5.79
Gemma vLLM Inf. 0.92 6.34 4.91 69.19 3.01
MI300X
Step Up-Down 0.50 1.27 1.02 115.93 1.14
Step Down-Up 0.07 2.47 1.17 447.15 5.30
Square Wave 0.36 1.05 1.92 493.67 4.12
Stalagmite 0.48 0.07 1.59 180.82 1.41
Qwen3.5 PyTorch Inf. 0.19 0.16 0.15 197.87 4.54
Gemma 3 PyTorch Inf. 0.60 0.33 0.65 716.56 9.49
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Figure 6: Target and replicated power profiles on the A100.

Red curves show the input target profiles, and blue curves
show the Power Ranger-generated replicated workloads.

Figure 7: Target and replicated power profiles on the MI300X.
Red curves show the input target profiles, and blue curves
show the Power Ranger-generated replicated workloads.
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mix, memory behavior, or performance characteristics. This distinc-
tion is important because Power Ranger is designed specifically for
controlled power evaluation, where matching the temporal power
behavior is the primary objective. The following case studies there-
fore use the generated workloads not as application substitutes,
but as controllable power stimuli for studying device-level DVFS
behavior and system-level multi-GPU power interactions.

5 Case Studies

As a flexible framework that generates custom power benchmarks,
Power Ranger can be used for a wide variety of device and sys-
tem level evaluation tasks. We demonstrate two such tasks in the
following case studies.

5.1 DVFES Testing

3007 290,

= 250 = 280

;7

2 1501 H

% 100 - 250
T T T T 2407 T T T T
0 5 10 15 00 02 04 06

Time (s) Time (s)

Figure 8: Comparison of input synthetic power profile (red)
and real replicated power profile (blue) for our DVEFS test
benches. Left is used to evaluate static frequency setting vs.
power capping. Right is used to evaluate different power cap
levels.

As discussed above, GPU power regulation is central to datacen-

ter operation. We demonstrate an example of device-level DVFS
testing by evaluating power capping and clock frequency modu-
lation on the NVIDIA A100 GPU. We use Power Ranger to gen-
erate two synthetic benchmarks to quantify frequency response,
shown in Figure 8. Because these benchmarks are synthetic, Power
Ranger is a necessary component in our DVES evaluation: without
it, constructing real workloads with these specific power trajec-
tories would require substantial manual tuning. Power Ranger’s
benchmark synthesis capability allows us to quantify the effect
of frequency adjustments on runtime power output and helps us
evaluate advantages and disadvantages of different DVFS methods
at the device level.
5.1.1 Static Frequency Setting vs. Power Capping. We use a step
function to observe the effect of several frequency settings and
power caps. We generate our workload using Power Ranger and a
synthetic step function as input. The left graph in Figure 8 shows the
measured profile of the generated workload and the input synthetic
target. We run this workload without any power limits as well
as with 1320 MHz and 990 MHz static frequency settings and 150
W and 250 W power caps. "Frequency” in this case refers to the
GPU compute unit clock frequency specifically; we do not change
the memory clock frequency. We note here for reference that the
default clock frequency of the A100 is 1410 MHz. The resulting
power and frequency profiles are presented in Figure 9.

Figures 9(a)—(c) show that static frequency settings scale the
power consumption of the workload down while retaining the
overall "shape" of the power profile. In (a), the original workload

Allison Seigler, Zhixing Jiang, and Lizy Kurian John

with no frequency or power cap settings, the power cleanly in-
creases to 300 W in stable steps, then decreases. (b) and (c) show
the same workload, but run at lower frequencies. In (b), when fre-
quency is set to 1320 MHz, the profile retains its clean steps, but
the steps are all scaled down. The power in (b) never exceeds 250
W, though an explicit 250 W power cap is never set. In (c), we see
the same pattern at a lower power range: the power level does not
exceed 150 W, but the step function shape is still preserved.

Another method of limiting power is to set a power cap. As
shown in Figure 9 (d) and (e), power caps are enforced on the device
by dynamically adjusting the frequency at runtime. For example, (d)
shows the power increasing in steps until power reaches the capped
value of 250 W. At 250 W, the GPU frequency is pulled low to keep
the power at 250 W. The noise at the top of (d) corresponds to the
further increases in power above 250 W that are present in (a). As
kernels that consume more power are launched, the frequency must
drop even lower to maintain the 250 W power cap. When power
drops below 250 W in the latter half of the profile, the frequency
returns to the default value and the regular step pattern returns.
This same phenomenon is present and more dramatic in (e), where
the power cap is set to 150 W. These profiles demonstrate that power
caps cause sudden, reactive jumps in device frequency, which in
turn cause noise in power output when the power exceeds the set
power cap.

Differences between static frequency settings and dynamic fre-

quency adjustment via power cap are important considerations
when deciding how to limit power on the GPU. Static frequency
settings provide more stable, predictable power levels with minimal
swings, but the conservative power adjustment may limit perfor-
mance more than a power cap. In contrast, dynamic frequency
adjustments to enforce a power cap maximize performance while
staying below a power threshold. However, power caps cause nois-
ier instantaneous power levels, which may unnecessarily stress the
GPU hardware.
5.1.2  Power Cap Frequency Response Analysis. The observations
illustrated in Figure 9 confirm our expectation that frequency re-
sponses follow consistent patterns across different power cap set-
tings. However, we also observe that the magnitude of power
cap violations directly influences the aggressiveness of fre-
quency adjustments, motivating a more detailed investigation
into this relationship.

To systematically characterize how frequency adjustment mag-
nitude relates to power cap violations, we use a square wave bench-
mark generated by Power Ranger, shown in the right graph in
Figure 8. Our wave function oscillates between 240 W and 290 W
power output when no power cap is set. We execute this workload
multiple times, each with a different power cap spanning 240-290
W in 5 W intervals.

For each run, we record two key metrics: the power difference
between the peak power (290 W) and the set power cap, and the
magnitude of the initial frequency adjustment from the default
1410 MHz. For example, if the power cap is set to 270 W, the power
difference is 20 W (290 W - 270 W). If the GPU responds by reducing
frequency to 1395 MHz, the frequency adjustment magnitude is
recorded as 15 MHz (1410 MHz - 1395 MHz).

Figure 10 plots the frequency-adjustment magnitude against the
amount by which power exceeds the cap, revealing a two-stage
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Figure 9: Custom DVFS benchmark generated by Power Ranger, run on an NVIDIA A100 under multiple DVFS settings. Power
and GPU frequency recorded. (a) No frequency or power limit (b) 1320 MHz GPU clock frequency set. No power clipping
because there is no power cap, but all power levels are proportionally lower due to lower frequency (c) 990 MHz GPU clock
frequency set. No power clipping, and power levels are considerably lower (d) 250 W GPU power cap set. Some clipping of
frequency observed (e) 150 W GPU power cap set. More frequency and power clipping than the 250 W power cap are observed.
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Figure 10: Test of GPU frequency throttling in response to
power consumption over limit. Power violations of around
20 W or less cause a roughly constant frequency drop, while
larger violations cause more dramatic adjustments. Sensitiv-
ity studies such as this are enabled by Power Ranger.

response mechanism. For power-cap violations between 0 and 20 W,
the GPU applies an approximately constant frequency reduction
of about 15 MHz. Beyond this 20 W threshold, the frequency drop
scales approximately linearly with the power-cap violation: larger
violations trigger proportionally greater reductions. This behavior
indicates a threshold-based DVFS strategy in which minor viola-
tions (< 20 W) receive a fixed, modest adjustment, while substantial
violations (> 20 W) activate more aggressive linear scaling, result-
ing in larger frequency reductions. Using Power Ranger’s bench-
marking capabilities, we find that workload intensity determines
which regime is activated: moderate workloads trigger the con-
servative response, whereas more intensive workloads exceed the
cap by larger margins and therefore activate linear scaling, causing
more dramatic frequency adjustments.

5.2 System-Level Power Evaluation

Recent analysis of LLM training workloads has shown that regular,
synchronous power swings across multiple GPUs are common [32].
This behavior stems from the communication overhead inherent
in multi-GPU training, particularly when a model is partitioned
across several devices. GPUs must periodically synchronize via col-
lective communication protocols such as all-gather and all-reduce,
alternating between phases of high and low compute in lockstep.
The result is high-magnitude, periodic power swings across the
entire node.

To evaluate this problem and a potential mitigation, Power
Ranger is used to synthesize a proxy workload that reproduces
the power behavior of a typical LLM training workload. The target
profile captures the characteristic alternation between high-power
compute phases and low-power communication phases observed
during tensor-parallel training. This function is run synchronously
across 8 MI300X GPUs to mimic tensor-parallel training on a single
node, with aggregate node power recorded as the baseline, shown
in Figure 11 (a).

To reduce these periodic power swings, we evaluate GPU launch
time staggering: each GPU begins execution at a fixed delay after the
previous one. Results for 0.5-second and 1-second delays are shown
in Figure 11 (b) and (c), respectively. Each delay configuration incurs
a constant runtime overhead of delay X (Ngeyices — 1) seconds.

As the delay increases, the compute and communication phases
of each GPU become progressively misaligned. The resulting de-
structive interference reduces the magnitude of individual fre-
quency components substantially. As demonstrated in Figure 11
(d-f), even small delays between GPU execution times noticeably
disrupt the original signal. The approach is particularly effective
at attenuating frequencies below 2 Hz, which are associated with
adverse effects on power infrastructure [32].

In practice, however, GPU launch time staggering is complicated
by the synchronization requirements of collective communication
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Figure 11: 8-GPU node aggregate power over time (a-c) and corresponding FFT (d-f) with no delay (a, d), 0.5s delay (b, €), and 1s

delay (c, f) between successive GPU launches.

protocols. To model a conservative upper bound on practical stag-
gering overhead, we extend the duration of the lowest-power kernel
launches—corresponding to GPU-GPU communication phases—by
the stagger delay. This simulates a scenario in which all GPUs
synchronize for communication before resuming computation in
a delayed pattern, without requiring the proxy workload to be
regenerated.

Although some frequency attenuation is lost relative to the ide-
alized case, the magnitude of sub-2 Hz components remains signifi-
cantly reduced compared to the baseline. The tradeoff is a runtime
overhead that grows from the constant delay X (Ngeyices — 1) to
delayX (Ngevices — 1) +delayX Nrepetitions- This is a variable cost that
scales linearly with workload length and can become prohibitive
for long training runs. Overlapping GPU computation and commu-
nication [29] [23] represents a promising direction for reducing this
overhead. These results illustrate how Power Ranger enables rapid,
quantitative evaluation of node-level power reliability concerns
and their mitigations. More broadly, this case study demonstrates
Power Ranger’s ability to generate simple workloads for evaluating
system-level policies without the logistical challenges of orches-
trating full application stacks across many devices.

6 Conclusion

In this work, we present Power Ranger, a framework that generates
executable GPU benchmarks to reproduce custom power-over-time
behaviors. Power Ranger profiles parameterized low-level kernels
to build a device-specific look-up table, which it then uses to synthe-
size lightweight workloads that track real or synthetic target power
profiles. Power Ranger decouples power behavior from application
logic, enabling engineers to isolate specific power events without
the complexity and variability introduced by full software stacks,

server frameworks, or proprietary model weights. Its generated
workloads are intended as controllable power stimuli rather than
application substitutes: they target power-profile fidelity, not an
application’s instruction mix, memory behavior, or performance.

We validate Power Ranger on two modern GPU architectures: the
NVIDIA A100 and the AMD MI300X. Across all evaluated targets,
the generated workloads achieve under 5% MAPE, demonstrating
high-fidelity replication of steady states, oscillations, and spike-
like transitions. We also showcase Power Ranger’s utility through
two case studies: characterizing device-level DVFS responses to
power caps, and evaluating multi-GPU launch staggering to miti-
gate node-level power swings. To our knowledge, this is the first
framework capable of generating benchmarks that track custom
power profiles. Ultimately, Power Ranger provides architects and
datacenter operators with simple, executable workloads to evalu-
ate GPU power management policies and reliability concerns. As
GPU power demand continues to grow and workload diversity in-
creases, we anticipate that tools capable of synthesizing targeted
power stimuli will become an increasingly essential component of
hardware validation and system design.
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