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Abstract—As semiconductor fabrication scales to smaller tech-
nology nodes, process variation has become a significant chal-
lenge, affecting power consumption, thermal behavior, and volt-
age stability in microprocessors and GPUs. Conservative voltage
guardbands are traditionally used to ensure reliable operation
under worst-case process, voltage, and temperature (PVT) vari-
ations, but they lead to excessive power consumption. Reducing
the supply voltage, while maintaining a fixed frequency, has
emerged as a promising technique for improving energy efficiency
without sacrificing computational correctness and performance.
While extensive research has been conducted on reducing the
voltage levels in CPUs and NVIDIA GPUs, AMD GPUs remain
relatively unexplored, particularly in terms of process variation.
This variation, inherent in semiconductor manufacturing, results
in differences in power efficiency, thermal characteristics, and
voltage stability even among identical GPUs from the same
production batch. In this paper, we present an extensive study
on voltage scaling beyond nominal conditions for three modern
AMD NAVI GPUs (i.e., RX 7600 XT, 7700 XT, and 7800 XT)
executing both conventional benchmarks and PyTorch-based
machine learning workloads. We evaluate and present power
savings and execution stability under undervolted conditions,
highlighting the impact of chip-to-chip variability. Our findings
contribute to a deeper understanding of undervolting in AMD
GPUs and its dependence on process variation, providing insights
into practical power-saving strategies.

Index Terms—GPU, design margins, voltage scaling, energy
efficiency, chip characterization, process variation.

I. INTRODUCTION

As semiconductor technology scales, process variation in-
creasingly challenges CPU and GPU architectures. Fabrication
variations cause transistor inconsistencies [1], resulting in dif-
ferences in power, leakage, and performance among identical
GPU models. Traditionally, conservative guardbands—voltage
margins designed for worst-case process, voltage, and tem-
perature (PVT) conditions—are employed. However, these
guardbands often lead to unnecessary power consumption [2],
[3], especially for chips capable of stable operation at lower
voltages under typical conditions. Prior studies have revealed
high voltage guardbands in modern CPUs [4]-[6], indicating
significant potential for improving power consumption. This
is even more important for GPUs, which typically consume
more energy than general-purpose CPUs.

Power efficiency in GPU computing is critical, as high-
performance GPUs often exceed 350 W, significantly surpass-
ing CPUs, which typically operate under 150 W. Manufactur-
ers and researchers have explored power-saving mechanisms,
such as dynamic voltage and frequency scaling (DVFS), power
gating, and clock gating [7], but these methods often overlook

chip-to-chip variability. Reducing supply voltage beyond nom-
inal conditions for a fixed clock frequency, can significantly
improve GPU energy efficiency without sacrificing perfor-
mance. Prior research has demonstrated substantial power
savings by lowering voltages to the minimum stable operating
point (V,,,:) [8]. However, existing studies predominantly tar-
get NVIDIA GPUs and CPUs, frequently employing predictive
voltage models, leaving AMD GPUs relatively unexplored.

This study characterizes undervolting in three AMD NAVI
GPUs (RX 7600 XT, 7700 XT, and 7800 XT). We empiri-
cally evaluate their energy efficiency under reduced voltage
levels using conventional HPC [9] kernel and PyTorch-based
ML workloads [10]. Additionally, we investigate chip-to-
chip variability by analyzing multiple GPUs, quantifying how
manufacturing differences impact undervolting effectiveness.
Process variation significantly affects power consumption,
thermal behavior, and voltage stability within the same GPU
model [1], highlighting its importance for robust undervolting
strategies. Undervolting efficiency differs across workloads
due to varying computational intensities, memory access pat-
terns, and power demands [8], [11]. Traditional scientific
and graphics workloads exhibit different power characteristics
than ML tasks, which primarily involve tensor operations and
matrix multiplications. Effective undervolting strategies must
therefore account for workload-specific power profiles.

Process variation introduces further complexity, affecting
voltage and frequency scaling across GPUs, causing dif-
ferences in leakage current, thermal properties, and overall
efficiency even within a production batch. We examine these
effects in AMD GPUs to quantify their impact on undervolting
potential. Undervolting also influences thermal performance
and hardware reliability [12]. Reduced voltage typically lowers
power dissipation and temperatures, improving cooling effi-
ciency. However, aggressive undervolting can increase vulner-
ability to transient voltage fluctuations, potentially affecting
stability and hardware longevity. Understanding these trade-
offs helps establish safe undervolting margins.

Our extensive evaluation measures power consumption and
stability across multiple AMD GPUs, exploring how process
variation and workload characteristics influence undervolting
effectiveness. These findings offer valuable insights for opti-
mizing energy efficiency in modern AMD GPU architectures.

II. METHODOLOGY

In this section, we outline the experimental workflow de-
signed to accurately characterize the behavior of the target
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TABLE I

GPU Model RX 7600 XT | RX 7700 XT | RX 7800 XT
Clock (MHz) 2860 2700 2700

Vnom (mV) 1160 1140 1140
Compute Units 32 54 60

Al Accelerators | 64 108 120

VRAM (GB) 16 12 16
Technology 6 nm 5 nm 5 nm

GPUs on undervolted conditions. Our objective is to explore
the trade-off between energy efficiency and reliability. While
undervolting reduces power consumption, excessive voltage
reduction can result in GPU driver crashes, application fail-
ures, and silent data corruptions (SDCs). To systematically as-
sess GPU behavior under these conditions, we utilize a diverse
set of workloads spanning both high-performance computing
(HPC) kernels and machine learning (ML) applications. The
characterization process is managed by a custom framework
that automates undervolting, workload execution, logging, and
result parsing. In the following subsections, we define the
GPUs and workloads used in our study, provide a detailed
explanation of the undervolting and data collection process,
and describe how we interpret the workload execution results.

A. Hardware Setup

In this paper, we evaluate three commercial AMD GPU
models based on the RDNA3 [13] architecture—the RX 7600
XT, 7700 XT, and 7800 XT. To account for potential effects of
process variation, we test two boards from each model. Table I
provides a detailed overview of these GPU models, including
the clock speed we set for our experiments, the corresponding
nominal voltage, the number of compute units and Al acceler-
ators', the amount of VRAM, and the fabrication technology
node for each model. To ensure consistency across workloads,
we selected an operating frequency close to each card’s boost
frequency, ensuring that all workloads could run at this specific
frequency without encountering performance throttling. This
choice allows us to evaluate undervolting effects under stable
conditions, as the GPUs remain within their thermal margins
throughout the experiments.

B. Workloads

To accurately assess the behavior of the selected GPUs
under undervolted conditions, we utilize a diverse set of work-
loads drawn from both high-performance computing (HPC)
and machine learning (ML) applications. Specifically, we
employ eight benchmarks from the Rodinia [9] benchmark
suite, alongside twelve classification neural network models
implemented in PyTorch for inference. A complete list of the
selected benchmarks is provided in Table II, which details each
workload’s runtime (including CPU, GPU runtime and 10), as

I'Specialized hardware dedicated explicitly to accelerating Al and machine-
learning workloads, particularly matrix and tensor operations common in
neural networks.

TABLE II
WORKLOADS EMPLOYED (RUNTIMES MEASURED ON 7600XT GPU)
Category Benchmark Dataset Execution Time (s)
cfd 1.34
kmeans 2.40
leukocyte 2.66
Rodinia [9] |4 N/A 585
nn 0.61
nw 5.28
srad 1.22
streamcluster 1.20
LeNet5 [14] MNIST [15] 4.70
ResNet50 [16] CIFAR100 [17] 4.86
VGGI16 [18] 5.54
Alexnet [19] 6.41
Mobilenet [21] 4.12
Pytorch [10] Efﬁcientnet [22] 4.29
ViT [23] 6.01
Squeezenet [24] Imagenet [20] 6.11
Swin [25] 5.39
Dense [26] 4.65
Shufflenet [27] 6.17
Googlenet [28] 6.78

well as the datasets used for training and inference in the
ML workloads. The selected workloads exert varying levels
of stress on the GPUs, utilizing both memory and compute
resources, ranging from moderate usage to full utilization.

The Rodinia benchmarks represent a collection of highly
parallelizable HPC application kernels, commonly executed on
GPUs. These benchmarks are well-suited for evaluating how
undervolting impacts computational efficiency and stability
under traditional GPU workloads. In contrast, the machine
learning workloads cover a diverse range of neural network
architectures, spanning different levels of complexity and
dataset sizes. Unlike the Rodinia benchmarks, which typically
involve a single computationally intensive execution, each ML
workload performs a large number of inferences per run,
ranging from 1,000 to 10,000 inferences per execution. This
distinction allows us to examine how undervolting affects
both HPC computations and repeated inference tasks in deep
learning applications.

C. Experimental Flow

Fig. 1 illustrates our experimental flow. Our system is con-
figured with Linux kernel version 5.15 and ROCm 6.2.4. To
effectively apply our undervolting approach, certain features
of the AMDGPU driver must first be enabled, and system
parameters must be configured to automatically reset the GPU
in case of a crash. The critical feature of the AMDGPU driver
that facilitates undervolting is sysfs. Through sysfs, hardware
configurations are represented as files, allowing parameters to
be adjusted by writing values directly to these files or by
reading them to obtain hardware metrics. We leverage this
feature to set the GPU frequency to a fixed value throughout
the experiment and to apply a gradually changing voltage
offset relative to the nominal voltage. Additionally, we use
sysfs to log GPU power consumption during each execution
of the workloads. All experiments are performed in a climate-
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Fig. 1. Experimental flow.
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Fig. 2. Safe, unsafe, and crash regions for the six GPUs running ML workloads. The x-axis is shared among GPUs of the same model.

controlled environment to mitigate the impact of ambient
temperature variations on characterization accuracy.

To systematically manage undervolting, we have created
a custom framework that orchestrates the required steps.
The framework accepts a configuration file specifying the
workloads to execute, the number of iterations each workload
should perform at each voltage level, and the number of
inferences per run (for machine learning workloads). This
configuration file also defines the initial voltage offset and the
voltage step size, which is 10 mV for the Rodinia workloads
and 25 mV for the machine learning workloads.

Initially, we perform golden runs for each workload to
establish reference outputs. Following this, for each workload,
we sequentially traverse voltage levels, decreasing the voltage
@ incrementally until the GPU crashes. At each voltage step,
the workload runs @ for the specified number of iterations,
with each run generating logs for power consumption, as well
as any system error messages encountered during execution
€©. The outcome of each execution is determined immedi-
ately. Runs are classified based on whether they result in an
application crash, a timeout, or a successful run. Furthermore,
by comparing each output against the corresponding golden
reference, we identify whether a Silent Data Corruption (SDC)
has occurred or if the run was successful. After all experiments
have concluded, we parse the collected data to clearly define
the Safe region, Unsafe region, and Crash region, and to
evaluate the power savings achieved by undervolting €.

D. Undervolting Effects

To evaluate undervolting effects, we classify workload
execution outcomes based on program outputs, error logs,
and GPU driver logs into: Success (output matches golden
reference); GPU driver crash (GPU enters an unrecoverable
state, triggering an automatic reset via kernel configuration);
Application crash (execution ends unsuccessfully due to un-
dervolting instability); Application timeout (workload hangs
indefinitely, terminated after a predefined period); and Silent
Data Corruption (SDC) (workload completes but output
deviates without system log errors).

SDC:s in classification-based ML workloads vary in severity
from insignificant (minor probability value changes) to highly
significant (altered top-ranking predictions). To quantify SDC
impacts, we introduce the following metrics: Top-1 Accuracy
(percentage of correct top class predictions across all infer-
ences performed) and Top-5 Accuracy (percentage of correct
top five class predictions across all inferences performed). A
successful run achieves both metrics at 1.0, whereas SDC-
affected runs may maintain or reduce these accuracies.

We define three voltage regions based on these outcomes:
Crash region (GPU crashes), Unsafe region (workloads exhibit
unpredictable behaviors like crashes, timeouts, or SDCs), and
Safe region (successful and correct workload execution, usable
for energy savings). We systematically log power consumption
and temperature during each workload to evaluate undervolt-
ing’s impact on energy efficiency and thermal performance.
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Fig. 3. Safe, unsafe, and crash regions for the six GPUs running Rodinia workloads. The x-axis is shared among GPUs of the same model.

III. RESULTS

In this section we present the results derived using our ex-
perimental methodology. We first present the voltage margins
of the GPUs in question for the Rodinia and ML workloads.
Then we show the impact of undervolting on power consump-
tion and accuracy of the ML workloads (we do not show these
results for the HPC workloads due to limited space).

A. GPU Voltage Margins

Fig. 2 and Fig. 3 present the characterization results for the
voltage margins obtained from the ML and HPC benchmarks
across all six GPUs. These figures highlight the significant
variability not only between different GPU models and work-
loads, but also among individual cards of the same model. For
each workload and GPU, we illustrate the crash, unsafe, and
safe voltage regions as defined in the methodology section.
The lowest voltage within the safe region is referred to as
Vinin- This value ranges from 4% to 25% below the nominal
voltage (Viominat) and is generally lower for the Rodinia
benchmarks. Rodinia benchmarks represent common HPC
kernels which, even with the largest available input datasets,
exhibit relatively short GPU runtimes. Their bursty nature
results in less pronounced undervolting effects (some of these
workloads can reach the full -300 mV offset allowed, without
even experiencing a single SDC) compared to ML workloads,
which place the GPU under sustained load for much longer
periods. While we observe different behaviors between the
two workload groups, the general trends between the GPU
models remain consistent. We can see that the 7700 cards
exhibit the largest voltage-margins followed by the 7600 and
7800-series cards. The differences observed between cards of

the same model for a given workload are attributed to process
variation. For example we can clearly see that the 7800A
GPU has signficantly lower V,,;, than its B counterpart.
Our results are broadly consistent with prior findings on
NVIDIA architectures. For example, Leng et al. [8] directly
measured a 20% voltage guardband on multiple NVIDIA
GPU generations.

The unsafe region spans from 10 mV to 150 mV, indicating
that some workloads experience gradual failure modes as
voltage decreases—initially showing a few SDCs (Silent Data
Corruptions), followed by SDCs combined with application
crashes. In contrast, other workloads display a more binary be-
havior, running successfully until a sudden GPU crash occurs.
Especially for the machine learning workloads, considering
their general error tolerance [29], the unsafe region could be
exploited for further power savings. To quantify the effect of
operating in the unsafe region we present the Top-1 and Top-5
accuracy drop in the following subsection.

Focusing on the ML workloads, we observe that the
less computationally intensive models, such as LeNet5 and
MobileNetV3, are generally less affected by undervolting.
This observation aligns with prior work on NVIDIA GPUs,
where undervolting tolerance has been shown to correlate
with workload intensity and structure [8], [30]. However, this
trend is not fully generalizable, especially for higher-level
workloads such as ML models, where additional factors—Ilike
intricate memory access patterns and model architecture—can
significantly influence the effective V;,. For example, an
interesting exception to this trend is observed with the
two transformer-based models, ViT and Swin. Despite being
among the most computationally intensive workloads, they
exhibit greater resilience to undervolting. This may stem from
two architectural traits of transformers. First, the attention



7600A 7700A 7800A
1071
Q
2 -3
) 10 1072
>107*
e 10-3
3 1074
1%
< -4
= 10- 10
e 1075
1073
7600B 7700B 7800B
Q
9 10-4 107t
a 104
g 1072
c
3 10-3
<
2 104
e
10-3 10-3 10-3
& F o & NS e 2 & R O & X X e & L . @ & 2o &2 X A2
6«\‘}@%@\6@‘?’0&%@“0&\0@5’\\@\:\@&& =~ V\\o& %$\(\0°6@¢%(7\'®+°?é®(\00&\\a\’:/fo(\iz?} =~ = ‘“\(\\\?7\2\»‘{\\ éé\oo&(,@’@-“&e&@«\%e“e;z&
Q™ \) \)
q\\%oé@(,\‘\o@goﬁ ) 0\,4@%'{\0\‘\&%%0 &%@'{\04\;0»%@
Fig. 4. Topl accuracy drop in the Unsafe region for the six GPUs running ML workloads. The x-axis is shared among GPUs of the same model
7600A 7700A 7800A
1072 10-1
Q
<
o 1073 -2
> 1073 10
o
o
5 103
$ 107 1074
g10 .
I!g\. 10
F o5
10 10- 10-
7600B 7700B 7800B
1073
s 1071
N 10~
9 1072
©
5107 3
S 10
<
2 10-*
e
1073 1073 1073
- X X L - X & X L L 3 X
R OISO ST KT S RO o
& ETEOLTS NS F IO S G & EARS VRS

Fig. 5. Top5 accuracy drop in the Unsafe region for the six GPUs running ML workloads. The x-axis is shared among GPUs of the same model.

mechanism aggregates inputs using softmax normalization,
which naturally tolerates small numerical errors—minor devi-
ations may not significantly affect attention scores or outputs.
Second, transformers leverage multi-head attention and deep-
layer parallelism, offering redundancy that can mask localized
computation errors. In contrast, Convolutional Neural Net-
works (CNNs)—particularly in early layers—may propagate
even minor inaccuracies, resulting in greater sensitivity to
undervolting.

B. ML Model Accuracy in the Unsafe Region

In ML workloads, we categorize SDCs based on their
impact on classification accuracy, as described in the method-
ology section. Fig. 4 and Fig. 5 illustrate the average reduction
in Top-1 and Top-5 accuracy across the entire unsafe region for
each benchmark. The accuracy drop ranges from 0% to 55%
for Top-1 accuracy and up to 57% for Top-5 accuracy. Since

in the unsafe region aside from SDCs, application crashes
and timeouts also occur, a low drop in Top-1 and Top-5
accuracy might be due to a combination of SDCs that do
not lead to misclassifications and runs resulting in crashes
or timeouts. In any case, these endpoints are considered
benign because crashes and timeouts are easily detected, and
voltages can be adaptively scaled up to avoid them. The most
concerning outcomes are SDCs with high misclassification
rates, as quantified in these figures. Notably, the 7700 and
7800 GPUs exhibit larger accuracy degradations across more
workloads, which can be attributed to their wider unsafe
voltage regions compared to the 7600. Overall, the impact on
accuracy depends on both the neural network’s architecture
and the specific behavior of the GPU model.
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Fig. 6. Power savings for the six GPUs running ML workloads. The x-axis is shared among GPUs of the same model.

C. Power Savings due to Undervolting

The main goal of undervolting is to improve energy ef-
ficiency by reducing power consumption during workload
execution. Fig. 6 shows the power savings achieved when
running each workload at its V,,,;,, on each GPU. The observed
power savings range from 0.24% to 33%, depending on the
workload and GPU model. These savings are comparable to
those achieved in the NVIDIA-focused studies, where voltage
scaling strategies yielded savings up to 25% [8]. The resulting
power savings naturally lead to a reduction in GPU temper-
ature. The thermal benefits vary based on both the power
reduction and the specific thermal characteristics of each GPU.
Overall, undervolting provides noticeable energy and thermal
improvements, especially for workloads with sustained GPU
utilization. Considering an average power saving of 14% with
a mean GPU power consumption of 300W, each GPU saves
42W (0.14 x 300W). For a datacenter with 10,000 GPUs, this
amounts to a total saving of 42W x 10,000 = 420,000W, or
420 kW. Over a full day, that translates to 420 kW x 24 hours
= 10,080 kWh, which is approximately 3.68 GWh annually.

IV. RELATED WORK

Various techniques have been developed to relax CPU
voltage guardbands and enhance energy efficiency. For ex-
ample, [31] propose heuristics that dynamically reduce volt-
age margins by leveraging feedback from an on-chip er-
ror correction (ECC) mechanism integrated into the Itanium
9560. Meanwhile, [2] employ dedicated hardware protection
mechanisms, incorporated at the design stage, to minimize
voltage margins. Moreover, studies such as [32]-[38] conduct
static offline analyses to quantify voltage margins in various
commercial CPUs. The authors in [39] assess the impact of
undervolting on soft-error rates. Recent studies on GPU under-
volting focused on enhancing energy efficiency and reliabil-
ity—predominantly on NVIDIA platforms. For instance, Leng
et al. [8] examine safe voltage reduction limits using direct

measurements, while Tan et al. [40] analyze instruction-level
error characteristics under low supply voltages on NVIDIA
GPUs. Additionally, Leng et al. [41] address spatial and
temporal voltage noise, and predictive guardbanding tech-
niques [30] dynamically adjust voltage margins. Finally, [12]
shows a summary of voltage margins on CPUs, NVIDIA
GPUs and FPGAs. In contrast, our work extends undervolting
evaluation to AMD GPUgs, a currently unexplored area.

V. CONCLUSION

In this work, we presented the first comprehensive study
of undervolting (voltage scaling) on three modern AMD
NAVI GPUs, evaluating power savings, thermal effects, and
execution stability (resilience) across both HPC and machine
learning workloads. Our results demonstrate that undervolting
can yield significant energy and thermal benefits without
compromising correctness, but the extent of these benefits is
highly dependent on both the workload characteristics and the
chip-to-chip process variation. Overall, our findings provide
valuable insights into the practical feasibility of undervolting
as an energy-saving technique for AMD GPUs, offering a
foundation for future research and optimization in power-
efficient GPU computing.
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