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Abstract—Large language model (LLM) inference workloads
have emerged as a critical reliability challenge for cloud GPU
systems. Unlike traditional workloads, the highly structured exe-
cution of LLMs creates large power oscillations. These oscillations
become a vulnerability when their frequency aligns with the
resonant modes of a GPU’s power delivery network (PDN),
leading to excessive voltage droops and unreliable operation.
In this work, we present the first comprehensive profiling of
LLM-induced power oscillations, revealing that many workloads
generate oscillatory patterns in the MHz range—critically align-
ing with typical GPU PDN resonant frequencies and leading to
excessive voltage droops.

To systematically investigate this phenomenon, we developed a
novel stressmark framework that generates workloads with con-
trollable, high-frequency power oscillations and voltage droops.
Our evaluation shows that operating at a resonant frequency
induces voltage droops up to 2× larger than conventional
workloads, exceeding critical noise margins. Critically, we find
that real LLM workloads operating even near these frequencies
generate significant voltage droops greater than 100mV. Based
on these findings, we propose a kernel staggering technique that
mitigates this threat by shifting power oscillation frequencies
away from resonance frequency, successfully reducing voltage
droops and reducing reliability concerns. This work provides
the first systematic understanding of LLM-PDN resonance and
offers a practical solution to improve GPU reliability in AI cloud
environments.

I. INTRODUCTION

In the era of hyperscale computing, AI workloads, par-
ticularly LLMs, have become a major driver of large-scale
GPU deployments in cloud data centers [17], [19], [20]. These
models, such as GPT-4 [43], which has 1.8 trillion parameters,
require significant computational resources due to their large
size and complexity. During inference and training, heavy
computational demands can lead to reliability issues [5], [18],
[44], [69], [70], such as silent data corruption (SDC) [6], [7],
[16], [33], [53], [66], where errors in computation bypass error
correction (ECC) mechanisms. These errors can stem from
sudden voltage noise caused by abrupt or periodic power
fluctuations during processing [2], [31], [32], [59]. Such
instabilities can disrupt computations, requiring checkpointing
and recovery to maintain progress [35], [36], [58], [65].

The computational patterns of LLM inference workloads
inherently lead to periodic power fluctuations in GPUs due
to their highly structured and repetitive workflow patterns. For
example, the general matrix multiplication (GEMM) opera-

tions, which dominate the attention mechanisms in transformer
layers, are executed through multi-level nested loops. These
loops alternate between different workload intensity levels,
leading to periodic changes in computational demand and
creating characteristic power oscillations. These oscillatory
power patterns, as analyzed in Section IV, are unique char-
acteristics of LLM workloads and significantly impact GPU
power dynamics, potentially introducing errors.

A key concern with the periodic power fluctuations in
LLM inference workloads is their potential to cause power
oscillations. If these oscillations occur at or near the resonant
frequency of the GPU’s power delivery network (PDN), they
can exacerbate voltage noise and create significant reliability
challenges [21], [47]. The resonant frequency is the natural
frequency at which the PDN oscillates most efficiently when
subjected to periodic disturbances, due to the interplay be-
tween its inductive and capacitive elements. Resonance noise
arises when periodic fluctuations in current demand (di/dt)
align with the PDN’s natural resonant frequency, typically in
the tens to hundreds of MHz range [23], [32]. This alignment
amplifies voltage droops, potentially causing timing violations
and errors. Such resonance-driven noise is problematic be-
cause repeated large drops can compromise chip reliability, as
shown in Section II.

Modern semiconductor technology scaling introduces mul-
tiple critical factors that exacerbate PDN vulnerability: de-
creasing supply voltages, increasing frequencies, and increas-
ing die sizes [56]. These scaling effects compound to create
more challenging PDN design requirements and increased
susceptibility to voltage droop events. Advanced technology
nodes require progressively lower supply voltages, scaling
from 1.8V in mature nodes to 0.9V in current technologies
and toward 0.7V and less in future nodes [45], [55], [68]. This
voltage scaling directly impacts PDN sensitivity, as the same
absolute voltage droop magnitude represents an increasingly
larger percentage of the available noise margin. Concurrent
trends in increasing GPU operating frequencies further exac-
erbate PDN vulnerability. Earlier architectures such as Volta
operated at boost clocks around 1400 MHz [39], while Ampere
pushed this to approximately 1500 MHz [40], and Hopper fur-
ther increased boost frequencies up to 1800 MHz in datacenter
configurations [41]. Future generations continue to target even
higher operating frequencies to sustain greater computational



throughput. Simultaneously, increasing die sizes [56] drive
PDN resonant frequencies downward through larger on-die
capacitance. These opposing trends create a convergence sce-
nario where GPU operating frequencies and PDN resonant
frequencies approach each other, increasing the probability
that computational patterns and instruction execution cycles
will match resonant modes and trigger voltage instabilities.

The widespread deployment of LLM in GPU clusters has
introduced new reliability challenges that existing research
has yet to address. While prior work has extensively stud-
ied voltage noise in CPUs and traditional GPU applica-
tions [31], [32], [49], [50], [51], [52], [59], the vulnerabil-
ity of LLM to voltage droops remains unexplored, despite
their prominence in datacenters. The di/dt effects caused by
LLM workloads—particularly oscillatory patterns occurring
near PDN resonant frequencies—can amplify GPU voltage
noise, potentially leading to severe voltage droops, timing
violations, and errors. Existing di/dt stress testing frameworks
like AUDIT [29], which were designed for CPUs, cannot
be directly applied to GPU architectures, and no voltage
mitigation techniques exist for LLM-specific workloads.

To address these, this work makes three key contributions:
(1) We perform a comprehensive characterization of LLM

power oscillations using models such as DeepSeekR1 and
Gemma3, identifying intra-kernel oscillations in the MHz
range. Oscillations of up to 150W are observed in low fre-
quencies, but many oscillations up to 40W range are observed
at frequencies close to the GPU’s PDN resonance (Section IV).

(2) We present an automated di/dt stressmark generation
framework using genetic algorithms that creates controllable
oscillatory workloads capable of inducing voltage droops 2×
larger than real LLM workloads, enabling systematic charac-
terization of GPU vulnerability (Section V and Section VI).

(3) We propose a warp-level kernel launch staggering tech-
nique to mitigate resonance by unaligning kernel launches at
the warp level, reducing the worst-case voltage droop by 20%
without degrading computational throughput (Section VII).

II. BACKGROUND

This section reviews GPU PDNs, the link between PDN
resonance and voltage droops, and how oscillatory LLM
workloads interact with these effects.
GPU PDN Architecture: Modern GPU PDNs consist of volt-
age regulator modules (VRMs), package-level inductance and
resistance, on-die decoupling capacitors, and board-level bulk
capacitors [47]. GPUs present unique challenges because of
thousands of processing cores that can switch simultaneously,
creating substantial current transients that stress the PDN [23],
[32]. GPU PDNs are modeled using ladder RLC networks
with cascaded RLC segments to capture parasitic effects across
PCBs, package interconnections, bumps, and the die as shown
in Figure 1.
Resonant Frequency Phenomena: For a single RLC seg-
ment, resonance occurs when inductive reactance (ωL) and
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Fig. 1: GPU PDN circuit model with ladder RLC configuration

capacitive reactance (1/ωC) exactly cancel each other:

ω0L =
1
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=⇒ f0 =

1

2π
√
LC

. (1)

Real-world resonant frequencies in GPU PDNs depend on the
specific circuit configuration and component parameters. At
the resonant frequencies, the PDN impedance becomes signif-
icantly higher compared to other frequencies, representing the
PDN’s inability to quickly respond to rapid current demands.
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Fig. 2: PDN impedance vs.
frequency showing first droop
resonant frequency at 35 MHz
and second droop resonant
frequency at 1.5 MHz.
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Fig. 3: Relationship between
on-die capacitance and PDN
resonant frequency, showing
the impact of die size scaling.

For example analysis, previous PDN studies [8], [23], [32],
[62] and Nvidia A100 specifications [3] are referenced to
construct a modeled PDN, as shown in Figure 1. The PDN
impedance model is derived using the scaling technique from
Leng et al. [32], which adjusts PDN parameters based on the
processor’s peak thermal design power (TDP).

According to Leng et al., PDN scaling reflects the re-
lationship between processor TDP and package impedance
characteristics. In their analysis, they compared the Intel
Pentium 4 (50-60 W TDP) to the GTX 480 GPU (200+ W
TDP), scaling PDN parameters by 2× rather than the linear
4× TDP ratio due to nonlinear high-performance processor
package impedance scaling.

Following this methodology, we scale the A100 GPU PDN
model parameters by 4× (half of the 8× TDP ratio between
A100’s ∼400 W and Pentium 4’s ∼55 W). The resulting
PDN exhibits two resonant frequencies due to the ladder RLC
configuration: 35 MHz (first droop resonant frequency) and 1.5
MHz (second droop resonant frequency), as shown in Figure 2.
Increasing die sizes introduce larger on-die decoupling
capacitance, which shifts PDN resonant frequency character-
istics toward lower frequencies according to fr = 1

2π
√
LC

.
As die sizes increase and on-die capacitance grows, primary
resonant modes shift to lower frequencies that are more easily



excited by software workloads, creating higher susceptibility
to voltage droop events.

Figure 3 illustrates the inverse relationship between on-
die capacitance and resonant frequency. The combination
of reduced noise margins, lower resonant frequencies, and
higher operating frequencies creates a compounding effect that
demands careful PDN design consideration and comprehensive
characterization methodologies.
Resonant Frequency Amplification and Voltage Droop
Mechanism: The PDN voltage response is highly sensitive to
the frequency of power oscillations, with resonant frequencies
posing the greatest risk. Variations in GPU power consumption
induce time-varying load currents, which interact with the
PDN’s impedance. Rapid changes in power consumption (dPdt
and d2P

dt2 ) generate transient currents that excite the PDN’s
natural resonances.

When the frequency of these transients aligns with the
PDN’s resonant frequency, constructive interference amplifies
voltage fluctuations. At resonance, the instantaneous voltage
at the GPU load node can be expressed as:

Vload(ω) ≈ Iload(ω)× ZPDN(ω), (2)

where ZPDN(ω) is the frequency-dependent impedance of
the PDN. Under resonant conditions, ZPDN(ω) increases sig-
nificantly, amplifying voltage droops. These amplified droops
can exceed the GPU’s noise margin, potentially leading to
instability or degraded performance.
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Fig. 4: Comparison of PDN voltage response to power oscil-
lations at different frequencies: (a) Non-resonant frequency at
10 kHz; (b) Resonant frequency at 35 MHz. The resonant case
shows significantly larger voltage droop amplification. Voltage
traces start 80 mV below nominal due to static IR droop from
high GPU power usage.

We also apply ordinary differential equation (ODE) solvers
to solve the relation by applying Kirchhoff’s current and
voltage laws (KCL, KVL), and power relations to find the
current in terms of power, and to observe the Power-Voltage
relationship. Figure 4 provides compelling experimental ev-
idence from SPICE simulation of this frequency-dependent
vulnerability through direct comparison of power-induced
voltage perturbations. At non-resonant frequencies (10 kHz),
substantial power variations producing approximately 100 W

power differences result in manageable voltage responses, with
droop limited to 45–80 mV beyond the static baseline.

At the PDN’s resonant frequency (35 MHz), the response
becomes catastrophic. A mere 10 W power difference—ten
times smaller than the non-resonant case—induces voltage
droops exceeding 105 mV within just four oscillation cy-
cles. More critically, the voltage droop exhibits progressive
escalation with each subsequent oscillation, demonstrating
destructive resonant amplification. This escalating voltage
degradation occurs because power oscillations at resonant
frequencies create constructive interference with the PDN’s
natural response, establishing a positive feedback mechanism
that amplifies small disturbances into system-threatening volt-
age instabilities.
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Fig. 5: Normalized GPU rail voltage measurements: (a) view
in microseconds showing workload-induced droops, and (b)
zoomed view (nanoseconds) around the largest droop, reveal-
ing up to 28% voltage reduction.

Data obtained from an industry GPU lab indicates that
during execution of modern workloads, voltage droops can
reach up to 28%, as shown in Figure 5, reinforcing the sever-
ity of resonance-driven instabilities under dynamic operating
conditions. Due to the sensitive nature of this data, the droops
have been normalized to the nominal supply voltage.

Observation 1

Voltage droops caused by a small power swing (e.g.:
10 W) at resonant frequency are higher and more detri-
mental than voltage droop caused by a larger power
swing (e.g.: 100 W) at a non-resonant frequency.

When voltage droops occur, even though individual events
last only nanoseconds, the extended runtime of workloads
virtually guarantees that worst-case droop events will happen
at some point during execution. Since designers cannot predict
customer workloads, they must assume these maximum droops
can occur at any time. A single droop causing timing violations
can trigger system failure. To prevent this, GPUs employ static
voltage guardbanding—raising nominal voltage across the
chip. However, a 10% droop margin costs approximately 20%
additional power due to quadratic voltage-power relationships.
At datacenter scale, this translates to substantial impacts on
thermal design, hardware provisioning, and operational costs.
While this paper focuses on nanosecond-scale transients, our



techniques apply to analyzing droop resilience across multiple
timescales.

III. EXPERIMENTAL SETUP

Experiments are conducted on a DGX Linux server running
Ubuntu 22.04.5 LTS with an AMD EPYC 7742 64-core
processor operating at a maximum frequency of 2.25 GHz.
The system features eight NVIDIA A100 GPUs, Ampere
architecture, with 40GB memory capacity, at 1410 MHz clock
frequency, and a TDP rating of 400 W. All experiments are
run with a single NVIDIA A100 GPU, though we expect our
results to generalize across multi-GPU environments as well.

Power consumption measurement employs a dual-
methodology approach tailored to different frequency ranges
and measurement granularities. For low-frequency oscillatory
behavior, NVIDIA management library (NVML) provides
direct hardware power readings with sampling capabilities
appropriate for frequencies within the hardware measurement
limitations. AccelSim [26] and AccelWattch [24] simulation
frameworks are chosen for high-frequency power trace
characterization at MHz level, which enables detailed power
profiling beyond the temporal resolution constraints of
hardware-based measurement tools.

Voltage droop analysis leverages Cadence Virtuoso for
SPICE-based circuit simulation, implementing the complete
PDN model depicted in Figure 1.

For this experimental setup, we focus exclusively on real-
world LLM inference workloads rather than general-purpose
benchmarks. Specifically, we utilize Hugging Face imple-
mentations of transformer-based models such as Gemma3
(27B parameters) [61] and DeepSeekR1 Distill Qwen (32B
parameters) [4]. This layer-wise approach allows for direct
comparison with our generated stressors, capturing the realistic
power and voltage behaviors of modern LLM inference.

IV. LLM POWER PROFILING

LLM workloads exhibit inherent power instability during
GPU execution, manifesting as rapid power fluctuations that
may coincide with PDN resonant frequencies. Understanding
these oscillatory patterns is crucial for characterizing the
potential for LLM workloads to inadvertently trigger voltage
droop events through resonance effects.

A. Multi-Granularity Oscillation Analysis

1) Hardware-Based LLM Flow Profiling: At the applica-
tion level, we analyze complete LLM inference workloads
using NVIDIA’s TensorRT framework combined with NVML
hardware monitoring. Power consumption profiles reveal
substantial variations during execution phases across different
computational stages.

As illustrated in Figure 6, LLM workloads during inference
exhibit abrupt power transitions with significant noise charac-
teristics. During inference execution, power variations reach up
to 150W in larger models such as DeepSeekR1 and Google’s
Gemma3. However, NVML’s temporal resolution limitations
constrain detailed oscillatory analysis. NVML reports power
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Fig. 6: Power fluctuations during inference across two dif-
ferent LLMs on Nvidia A100 GPU (a) Gemma3 27B; (b)
DeepSeekR1 Distill Qwen 32B.

data at approximately 25 ms intervals, corresponding to a
sampling frequency of roughly 40 Hz, while PDN resonant
frequencies lie in the MHz range—orders of magnitude faster.
This discrepancy highlights NVML’s limitation in capturing
high-frequency oscillations critical to PDN integrity analysis.

Observation 2

LLM inference workloads demonstrate inherent power
consumption variability with magnitudes ranging from
50W to 150W during typical execution. The power
traces exhibit frequent abrupt transitions, creating the
possibility of di/dt effects and voltage droops.
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Fig. 7: Overview of the LLM Profiling Flow.

2) Simulation-Based Oscillation Analysis: To overcome
hardware measurement limitations and capture high-frequency
oscillatory patterns, we develop a comprehensive LLM profil-
ing flow illustrated in Figure 7. The methodology begins with
AccelSim, which receives a GPU microarchitecture configura-
tion and a GPU program to generate and simulate detailed mi-
croarchitectural activity traces. The simulator integrates with
AccelWattch and uses GPU power configuration parameters
for power modeling.

Since A100-specific power configuration parameters are
unavailable, we calibrate GV100 power configuration pa-
rameters in AccelWattch to minimize differences between
simulation and hardware measurements for A100 analysis.
While this affects absolute power magnitudes, the oscillatory
patterns and trends remain representative, as our primary



objective focuses on characterizing oscillation behavior rather
than precise power values. The resulting power traces are
processed through a custom oscillation analyzer employing
sliding window techniques to detect periodic patterns across
different frequency ranges. The sliding window approach
enables frequency-selective analysis—wider windows capture
lower frequencies while narrower windows resolve higher-
frequency oscillations. Our analysis specifically targets oscil-
lations in the MHz range that overlap with PDN vulnerability
frequencies.
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Fig. 8: Kernel-level oscillations observed in the Gemma3
model running on Nvidia A100 GPU: (a) at 4.09 MHz and
(b) at 29.14 MHz.

Using the simulation-based profiling flow, we analyze
two LLM models of varying complexity: Gemma3 and
DeepSeekR1. Kernel-level analysis reveals oscillatory behav-
ior that approaches PDN resonant frequency ranges, as demon-
strated in Figure 8.

GEMM kernel execution demonstrates oscillatory patterns
at 4.09 MHz as shown in Figure 8 (a). This oscillation
likely originates from nested loop structures within GEMM
implementations, including outer tile iteration loops processing
matrix blocks at regular intervals, thread block scheduling
patterns creating periodic resource contention, and memory
coalescing behavior producing cyclic access patterns across
memory banks.

A second oscillatory component appears at 29.14 MHz as
shown in Figure 8 (b), approaching primary PDN resonant
frequencies. This high-frequency oscillation may stem from
instruction-level execution patterns such as arithmetic pipeline
scheduling, fine-grained synchronization barriers within thread
block execution, or tensor core scheduling patterns.

These kernel-level oscillations pose significant vulnerability
due to their proximity to PDN resonant frequencies. Under
Dynamic Voltage and Frequency Scaling (DVFS), variations
in GPU clock frequency can align these oscillations with
PDN resonant modes, triggering severe voltage droops that
compromise system stability.

B. Comparative Kernel Analysis

We analyze oscillation patterns across different kernel types
in both Gemma3 and DeepSeekR1 models using AccelWattch
power modeling. Figure 9 shows detected oscillation frequen-
cies for representative kernels including attention, GEMM,
reduction, and elementwise, with indices representing kernel
execution order within each model.

Most oscillations occur from range 10 MHz to 30 MHz,
approaching PDN resonant frequencies and potentially am-
plifying voltage fluctuations. While most power oscillations
remain around 10 W or less, some instances reach up to 40
W and persist for more than 6 oscillation cycles, representing
particularly dangerous scenarios for power delivery systems.

Both LLM models—Gemma3 and DeepSeekR1—show
similar oscillation frequency patterns in GEMM kernels, but
the number and amplitude of oscillations vary between indi-
vidual kernels. Different GEMM kernel types within trans-
former layers have different runtime characteristics [27]. For
instance, in DeepSeekR1, the 020-gemm-3 kernel has more
oscillation events than 043-gemm-6, likely due to factors
such as GEMM size, loop structure, or tiling strategy. In
some cases, the oscillation amplitude exceeds 35 W. If such
oscillations align with the resonant frequency of the PDN, they
could contribute to noticeable voltage droop. As discussed in
the background section II, a 10 W difference can have a
significant impact on voltage droop. In addition to GEMM,
other kernels like 016-attention-1 in Gemma3 also show
oscillatory patterns, with a frequency near 30 MHz and more
than six cycles observed. This frequency is close to typical
PDN resonant bands.

Reduction kernels in both models generally produce fewer
oscillations, often around 2 MHz, and with relatively small
amplitude changes. Elementwise kernels show more varied
behavior, with oscillations appearing in both the low MHz
and tens of MHz ranges.

Observation 3

LLM kernel execution consistently generates intra-
kernel power oscillations in the MHz frequency range
across different model architectures and kernel types.
This frequency range critically overlaps with typical
GPU PDN resonance frequencies, creating a serious
vulnerability to resonance-induced voltage instabilities
during normal LLM inference operations.

C. Impact of Sequence Length and Batch Size

Gemma3 was profiled end-to-end across varying sequence
lengths and batch sizes in Figure 10. The y-axis reports
max power, and the x-axis is the sequence length. Batch 1
shows the highest oscillation magnitude on average, likely
because less resource utilization across the GPU leads to more
pronounced power swings. Higher batch sizes have higher and
more consistent utilization across the GPU, reducing average
oscillation amplitudes.

Across sequence lengths, no clear monotonic trend in oscil-
lation magnitude is observed. A likely cause is tiling: longer
sequences are decomposed into similarly sized tiles (e.g.,
fixed block/tile shapes for GEMM/attention), so per-tile execu-
tion patterns—and their associated power oscillations—remain
comparable. As a result, increasing sequence length mainly
scales the number of tiles rather than changing per-tile oscil-
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Fig. 9: Comparison of power oscillation magnitudes across different kernels in (a) Gemma3 and (b) DeepSeekR1 models.
Each subplot shows kernels labeled as “x-op-y” where x = global kernel index and y = per-layer operation index. The color
indicates the amplitude of power swings detected in each kernel, representing the magnitude of power fluctuations rather
than absolute power consumption levels.
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Fig. 10: Power Swing vs. Sequence Length across batch sizes
for Gemma3 end-to-end inference. Horizontal gray dashed
lines denote the overall average across sequence lengths.

latory behavior, yielding similar oscillation magnitudes across
sequence settings.

V. GPU di/dt STRESSMARK GENERATION

In Section IV, the analysis revealed that oscillatory behav-
iors can emerge within LLM kernel execution patterns. How-
ever, directly using LLM kernels to study resonant behavior
presents significant methodological challenges. LLM kernels
provide limited controllability over when and how resonant
oscillations occur, race conditions introduce substantial timing
variability that makes sustained oscillations at precise resonant
frequencies extremely difficult to achieve. These factors make

it nearly impossible to conduct controlled experiments that
can systematically trigger PDN resonance effects and di/dt
stressors such as AUDIT [29] that are required for GPUs.

To systematically study oscillatory behavior in GPU systems
under controlled conditions, this work develops a comprehen-
sive di/dt stressor generation framework that creates stable,
controllable, and configurable oscillatory workloads capable
of generating precise oscillation patterns at any specified
frequency with varying levels of di/dt stress intensity. Fig-
ure 11 illustrates the two-stage methodology for di/dt stressor
generation and voltage droop analysis.

Stage 1 (Green Background): Stressor Generation and
Power Characterization. The process begins by defining a
comprehensive parameter space of knobs that control GPU
execution characteristics. A search algorithm systematically
explores this space, taking configuration inputs and previous
results to generate new parameter combinations. The code
generator translates these parameters into executable Compute
Unified Device Architecture (CUDA) kernels with controlled
oscillatory power patterns. Power consumption is measured
in hardware using NVML, and valid stressors spanning the
full spectrum of power oscillation magnitudes are stored in a
stressor pool.

Stage 2 (Blue Background): Voltage Droop Analysis and
Resonance Tuning. The collected stressors are fed into a sim-
ulator that converts power traces to current traces using PDN
model equations. SPICE simulations of the GPU’s RLC power
delivery network generate voltage waveforms at the load node.
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Fig. 11: Overview of di/dt Stressmark Generation.

A droop level check determines if the workload operates at the
resonant frequency. If not, the workload frequency adjustment
module modifies oscillation timing parameters to tune toward
the PDN’s resonant frequency. This process iterates until the
maximum voltage droop amplitude is achieved.

By using this two-stage methodology, the framework pro-
duces a comprehensive library of stressors that operate at
resonance and generate different levels of voltage droop. This
approach enables systematic analysis of GPU vulnerability to
resonance-induced voltage instabilities across varying stress
intensities, providing controlled conditions to study phenom-
ena that occur unpredictably in real LLM workloads.

A. Parameter Space Definition and Knob Configuration

To generate effective di/dt stressor workloads, it is essential
to understand the computational resources available for power
stress generation and define a comprehensive parameter space
that controls GPU execution behavior. Modern GPUs contain
multiple specialized execution pipelines designed for different
types of operations, each with distinct power consumption
characteristics and throughput capabilities.

Following the instruction classification approach estab-
lished in prior GPU power analysis work [54], computa-
tional resources are categorized into eight distinct pipeline
groups: FMA-Float, FMA-Integer, FMA-EP, ALU-Logic,
ALU-Intrinsic, FP64, FP16, and XU. The definitions are in
Table I. For each pipeline, four representative instructions
are selected based on their frequency of occurrence in LLM
workloads.

The parameter space for di/dt stressor generation encom-
passes 20 distinct knobs that control various aspects of GPU
execution behavior, workload composition, and temporal char-
acteristics. Table I summarizes these parameters, their value
ranges, and their functional roles in stress generation.

The execution configuration parameters in Table I directly
control GPU execution scale through GridDim and BlockDim
(total active threads) and concurrency through Streams (paral-
lel kernel execution contexts). Pipeline instruction selection
parameters control computational workload composition. The
eight instruction count parameters determine how many oper-
ations from each pipeline type are included in the generated
kernel. Two array-based parameters provide additional control:
pipeline depth arrays manage spacing between same-pipeline
instructions, while pipeline ordering arrays determine exe-
cution sequencing. Memory operation control parameters

TABLE I: Parameter space configuration for di/dt stressor
generation with 20 knobs.

Knob Name Range Definition
Execution Configuration

GridDim 108-216 Number of thread blocks
BlockDim 256-1024 Threads per block
Streams 1-6 Number of parallel CUDA streams

Pipeline Instruction Selection
FMA-Float Count 0-5 Fused Multiply Add (FMA) floats
FMA-Int Count 0-5 FMA integer instruction count
FMA-EP Count 0-5 FMA extended precision count
ALU-Logic Count 0-5 ALU logic instruction count
ALU-Intrinsic Count 0-5 ALU intrinsic instruction count
XU Count 0-5 Special function unit instruction count
FP16-Vec Count 0-5 FP16 vector instruction count
FP64 Count 0-5 FP64 instruction count
Pipeline Depth[8] 1-10 Spacing for same pipeline instructions
Pipeline Ordering[8] 0-7 Execution order of pipelines

Memory Operation Control
Shared Mem Load Prop 0.0-1.0 Shared memory load proportion
Shared Mem Store Prop 0.0-1.0 Shared memory store proportion
Global Mem Load Prop 0.0-1.0 Global memory load proportion
Global Mem Store Prop 0.0-1.0 Global memory store proportion
Constant Load Prop 0.0-1.0 Constant memory load proportion
Memory Fraction 0.0-0.5 Fraction of memory operations

Dependency Management
Min Dep Distance 1-20 Minimum dependency distance

manage different memory subsystem activation. Five normal-
ized proportion parameters distribute accesses across global,
shared, and constant memory operations, while the memory
fraction parameter controls the compute-to-memory operation
ratio. The dependency management parameter controls reg-
ister dependency spacing, affecting resource reuse efficiency
and sustained high-power execution phases necessary for di/dt
stress generation.

B. Template-Based Code Generation

The code generator (Fig. 11 left) translates knobs from
the search algorithm into CUDA kernels with controlled
oscillatory power. Using pipeline instruction parameters, it
generates a PTX sequence. PTX, an assembly-like language
for NVIDIA GPUs, provides low-level control over pipelines,
memory transactions, and synchronization. The generator ac-
tivates pipelines based on instruction count, depth, and order,
while memory parameters manage load/store distribution and
dependency controls register allocation and spacing.

The generated instruction mix is embedded into a template
kernel following the structure shown in Listing 1. The template
provides the oscillation control framework while the generated
instructions form the high-power computational payload. For
the low-power phase, minimal operations such as register
moves (mov) or sleep instructions are selected to maintain
timing control while minimizing power consumption.



To create oscillatory behavior, the framework uses a timer
mechanism to synchronize threads across all streaming mul-
tiprocessors (SMs). The implementation can utilize timing
sources such as clock() or the globaltimer register,
where each bit position toggles at a distinct frequency to
control the speed of the workload oscillation.

Listing 1: Simplified pseudocode for the frequency-controlled
GPU stressor.

__global__ void stressKernel(args) {
tid = blockIdx.x * blockDim.x + threadIdx.x;
declare PTX registers;
for iters {
prev_bit = timerCheck();
// High-power phase
do {

asm volatile {
"mma.sync.aligned.m16n8k8...";
"ld.global.f32...;";
// etc... Generated based on knobs

}
curr_bit = timerCheck();

} while (curr_bit == prev_bit);
prev = curr;
// Low-power phase
do {

asm volatile { "mov.b32..." }
curr_bit = timerCheck();

} while (curr_bit == prev_bit);
}

}

The stressor monitors specified bits of the timer to control
phase transitions between high-power and low-power phases.
Multiple adjacent bits can be combined to achieve finer-
granularity control over the phase transition intervals. This
allows for more precise adjustments of the workload frequency
to match the resonant frequency.

C. Search Algorithm Design

The framework employs a genetic algorithm (GA) using
the DEAP library [9] to explore the 20-dimensional pa-
rameter space and identify configurations maximizing power
consumption while maintaining oscillatory behavior. GA was
chosen because prior works [28], [29] successfully used it for
oscillation search, which differs from static power search.

Genetic operators are customized for mixed parameter
types. Crossover applies two-point methods for scalar pa-
rameters and partially matched methods for pipeline ordering
arrays. Mutation applies parameter-specific perturbations, en-
suring instruction counts, pipeline depths, and memory propor-
tions remain within valid ranges while maintaining normalized
constraints for memory operation distributions.

The optimization targets maximum power consumption
creating controlled oscillations. Rather than pursuing only
peak power, the algorithm maintains a diverse stressor pool
spanning the entire power spectrum from minimal to maximal
swings, enabling systematic analysis of how power magnitude
affects di/dt stress and voltage droop characteristics.

The algorithm terminates when either the generation limit
is reached or best fitness remains unchanged for consecutive

generations. All evaluated configurations and power measure-
ments are cached to avoid redundant evaluations and preserved
for subsequent analysis.

D. Power Measurement

Power consumption measurement relies on NVML to cap-
ture GPU power consumption during stressor execution. To
analyze oscillatory behavior within the hardware’s measure-
ment capabilities, workloads are executed at frequencies that
satisfy the Nyquist sampling criterion—operating at twice the
sampling frequency to ensure accurate trend detection and
magnitude characterization on physical hardware. The work-
load frequency is determined by a timer-based mechanism, as
described in Section V-B.

E. Power-to-Current Conversion

Voltage droop analysis requires converting power traces into
load current profiles to model GPU dynamics. This conversion
relies on KVL, KCL, and the power equation P = V I , which
relates power consumption to current and voltage. Together,
these principles form a system of ODEs that links time-varying
power consumption to load current.

The ODE system incorporates reactive PDN components,
such as inductances and capacitances, which introduce tem-
poral dependencies and transient current spikes. Solving these
equations requires numerical stability due to the stiff nature
of PDN dynamics. For this, we use the SciPy library’s back-
ward differentiation formula (BDF) method, which efficiently
handles rapid time-scale variations while maintaining compu-
tational efficiency for extended simulations.

The resulting current profiles serve as essential inputs for
SPICE-based voltage droop analysis, enabling accurate mod-
eling of the PDN’s response to dynamic power demands.

F. Current-to-Voltage Conversion and Resonance Detection

Current profiles are input into SPICE-based circuit simula-
tions to analyze the GPU PDN’s voltage response, translating
time-varying current demands into voltage droop patterns that
highlight resonance-induced instabilities.

The SPICE simulation uses the full PDN circuit topology
from Figure 1 within Cadence Virtuoso, including voltage
regulators, bulk capacitors, package inductances, on-die de-
coupling elements, and their parasitics. Current injection uses
the ipwlf (independent piecewise linear current source)
component, which accepts CSV-formatted current traces from
the power-to-current conversion stage and applies the time-
varying profile to the PDN load node.

Resonance detection employs an iterative frequency search
to identify operating points maximizing voltage droop ampli-
tude. The algorithm initializes oscillation frequencies near the
PDN resonant frequency and varies frequency across a defined
range. For each point, the corresponding stressor generates
a current profile driving the SPICE simulation to produce
voltage response characteristics.

While SPICE frequency sweeps provide the PDN’s resonant
frequency, iterative search remains necessary because the timer



mechanism controlling workload frequency does not specify
exact execution frequency. Slight adjustments around reso-
nance ensure alignment with the PDN’s actual resonant mode
and maximize constructive interference, refining frequency
configuration to produce maximum voltage droop.

This framework enables systematic PDN vulnerability char-
acterization across the frequency spectrum, providing founda-
tion for analyzing how stressor configurations interact with the
PDN.

VI. RESULTS AND ANALYSIS

A. Comparative Voltage Droop Analysis

This work evaluates both real LLM voltage droop character-
istics and stressmark-generated voltage instabilities to provide
a comprehensive understanding of GPU PDN vulnerability.
The analysis applies the power-to-voltage conversion method-
ology from Section V to characterize voltage droop behavior
across different workload types and synthetic stress conditions.

Figure 12 presents comparative voltage droop analysis
across five stressor configurations and LLM workloads from
DeepSeekR1 and Gemma3 models. All stressors operate at
the PDN’s resonant frequency of 35 MHz with varying power
swing magnitudes: Sα (116 W), Sβ (86 W), Sγ (77 W), Sδ
(67 W), and Sε (49 W). These differences result from varying
instruction patterns, detailed in Section VI-C. The stressors
demonstrate that resonant frequency operation is extremely
detrimental to PDN stability.

LLM workloads exhibit distinct voltage droop patterns
across kernel types. GEMM operations generate the largest
voltage droops due to high computational intensity and power
oscillations near the resonant frequency, with DeepSeekR1
ranging from 45 mV to 103 mV and Gemma3 from 55 mV to
120 mV. Reduction kernels show minimal droops due to low
static power and few oscillations near resonant frequencies.
Elementwise operations vary substantially (20-105 mV range)
as they encompass diverse operations including data copying,
quantization, arithmetic, and memory transfers.

The comparative analysis demonstrates that stressors operat-
ing at resonant frequencies achieve voltage droop magnitudes
approximately 2× larger than those observed in typical LLM
inference kernels, illustrating the severe impact of resonant fre-
quency alignment on PDN stability. However, LLM workloads
operating near resonant frequencies can still generate voltage
droops exceeding 100 mV, representing a dangerous 10%
deviation from the 1 V nominal supply voltage. Prior GPU
voltage noise studies [31] establish that 5–12% droops from
nominal voltage induce timing violations and computational
errors, with larger droops increasing error probability. Our
analysis reveals that kernels exceeding the 100 mV critical
threshold occur twice per inference run, demonstrating that
resonance-induced voltage instabilities are recurring reliability
threats in production LLM deployments, not rare edge cases.

Observation 4

The stressor framework demonstrates the critical sever-
ity of oscillations at the PDN resonant frequency,
which can generate voltage droops from 100,mV to
250,mV. This is critical as analysis of real LLM work-
loads shows the possibility of droops over 100,mV
during execution of many kernels near (even if not
exactly at) the resonant frequency.

B. Search Mechanism Analysis

The di/dt stressor generation framework employs a two-
stage search methodology to systematically identify optimal
stressor configurations and resonant frequency alignment.

Figure 13(a) demonstrates the genetic algorithm conver-
gence behavior for the power swing search from Section V
during stressor generation. Starting at approximately 50W
power differences, the algorithm reaches maximum capability
around generation 15 and maintains stable performance there-
after. Each generation requires 15-20 minutes due to compre-
hensive power measurement across candidate populations.

Figure 13(b) illustrates the iterative resonant frequency
search from Section V across five stressor configurations.
Each stressor begins at non-resonant frequencies with min-
imal voltage droops, then approaches the 35MHz resonant
frequency with dramatically increased voltage perturbations.
Sα, the rightmost column, achieves the highest voltage droops,
while Sε, the leftmost column, produces proportionally smaller
perturbations. The transition demonstrates voltage droop am-
plification factors of 2-3× across all configurations, confirming
the critical importance of frequency alignment in PDN vulner-
ability assessment.

C. Instruction Pattern Impact on Power Oscillation

Analysis of the PTX instruction sequences reveals how
specific instruction patterns influence power oscillation mag-
nitude. Stressor Sα contains the highest number of MMA in-
structions, directly correlating with its larger power variations,
while Sε contains the fewest.

Instruction density between MMA operations significantly
affects tensor core utilization and power patterns. In stressor
Sε, multiple arithmetic and memory operations separate each
MMA instruction, creating idle periods where tensor cores
await operands. Conversely, stressor Sα maintains minimal
instruction gaps between MMA operations, enabling continu-
ous pipeline utilization. This dense MMA packing maximizes
computational intensity and amplifies power oscillations.

The evolutionary optimization process eliminated global
memory access instructions from the final stressor patterns.
Global memory operations introduce access latencies of ap-
proximately 400-600 cycles [38], exceeding the target oscil-
lation period and introducing timing irregularities that disrupt
the precise high-low power switching required for resonant
frequency matching. The removal of off-chip memory opera-
tions ensures that power oscillations remain synchronized with
the PDN’s resonant characteristics, maintaining the temporal
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Fig. 12: Comparative voltage droop analysis across LLM kernels during the DeepSeekR1 and Gemma inference, and generated
di/dt stressors, showing voltage droop levels. In red are Stressors Sα (leftmost) through Sε (rightmost).
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Fig. 13: Power swing on GPU hardware and simulator mea-
sured with kernels in each generation of genetic algorithm (a)
Power swing measured on real hardware, and (b) Voltage
droops for stressor kernels versus respective power swings
measured as the stressor moves across different operating fre-
quencies obtained through simulation. Stressor Sα (leftmost)
through Sε (rightmost). The peak power swing on hardware
(left) is approx 113W and the peak on the simulator (observing
the rightmost red dot in the right figure) is also approx 115W,
validating the relative accuracy of the simulator.

precision necessary for maximum voltage droop generation.
However, this constraint prevents the maximum power con-
sumption from reaching the GPU’s TDP limits.

D. Stressor Validation on Real Hardware

To validate stressor behavior on real hardware, an indirect
observation method is employed: thread synchronization pat-
terns are monitored across oscillation frequencies ranging from
1 MHz to 70 MHz. This approach reveals GPU protection
mechanisms triggered by voltage instabilities.

To quantify synchronization, we trace the oscillation start
time for each thread and compute their average as the reference
time. We then compare each thread’s individual cycle time
against this reference. A thread is considered “in sync” if its
cycle time falls within ±10% of the average period.

Figure 14 demonstrates the thread synchronization patterns
under varying oscillation frequencies. Near resonant condi-
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Fig. 14: Thread synchronization percentage across different
oscillation frequencies. The x-axis represents samples at each
oscillation period, and the y-axis shows the percentage of
synchronized threads.

tions of 47 MHz, thread synchronization rapidly deteriorates
to below 20%, indicating activation of GPU protection mech-
anisms that stall and release threads to mitigate voltage droop
effects. In contrast, operation at non-resonant frequencies
exhibits different behaviors: higher frequencies (70.5 MHz)
show gradual desynchronization, while lower frequencies
(7.05 MHz) demonstrate periodic resynchronization capability.
Frequencies at and below 1 MHz maintain consistent thread
synchronization throughout execution.

Critically, even with protection mechanisms active, the
initial 3-5 oscillations at resonant frequency generate instan-
taneous voltage droops exceeding 100 mV before protective
measures take effect, which has the potential of causing the
voltage droop error.

VII. REDUCING LLM VOLTAGE DROOPS

A. Warp-Level Staggering Execution for Power Smoothing

Warp-level staggering mitigates voltage droop vulnerability
by introducing controlled delays to thread or warp start times.
In this section, we modify the warp scheduling in software
to apply a calibrated delay between consecutive warps. This
approach reduces synchronized power transitions, smoothing
the aggregate power profile and reducing the risk of exciting
PDN resonant frequencies.



The delay magnitude is calibrated relative to the oscillation
period T = 1/f , with optimal delays spanning T/4 to
T/2. This ensures effective temporal distribution of power
transitions while avoiding excessive performance degradation.
By delaying warp execution, the technique retains block-level
simplicity while achieving power-smoothing benefits.

Figure 15 illustrates the impact of warp-level staggering.
Without staggering, synchronized execution produces sharp
power oscillations that align with resonant frequencies, leading
to significant voltage droops. In contrast, warp-level staggering
temporally distributes power transitions, reducing oscillatory
amplitude and mitigating droop effects.
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Fig. 15: Power consumption profile comparison between syn-
chronized and staggered warp execution: (a) Synchronized
execution with abrupt power changes, where all warps start
within a very small time range; (b) Staggered execution
showing a gradual power ramp with reduced resonance, using
an N-cycle delay between warps to place them out of phase.

The runtime overhead introduced by warp-level staggering
can be analytically estimated by modeling the cumulative
per-warp delay. Assuming a fixed stagger interval, the total
additional latency can be approximated as:

Tdelay = Nwarp × tstagger, (3)

where Nwarp denotes the total number of warps launched
by the kernel (reported by nsys), and tstagger is the per-warp
delay in seconds. In our configuration, the stagger delay is
10 cycles at 1410 MHz GPU frequency, corresponding to
tstagger ≈ 7.09 ns. For the 6000-size GEMM kernel with
Nwarp = 8,836 warps, this yields a theoretical upper bound
of Tdelay ≈ 62.6 µs.

Empirical results in Figure 16 show that the runtime in-
crease remains well below the analytical bound while effec-
tively suppressing voltage droops. The measured overhead
is within tens of microseconds—about 0.7% of total kernel

runtime—demonstrating that warp-level staggering achieves
power smoothing with negligible performance impact.
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Fig. 16: Runtime analysis of warp-level staggering: (a) com-
parison of total kernel runtime between synchronized and
staggered execution; (b) measured runtime difference across
varying matrix sizes.

B. Experimental Validation of Staggered Execution

We applied the staggered execution technique to low-level
CUTLASS [42] GEMM kernels and evaluated its effective-
ness on voltage droop mitigation. The evaluation focuses on
oscillations above 20 MHz, which correspond to the first
droop resonant frequency, while excluding lower frequency
oscillations that exhibit more static behavior.
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Fig. 17: Voltage droop reduction with staggered execution:
(a) TF32 GEMM kernels, (b) Grouped GEMM kernels, and
(c) End-to-end validation on Gemma3 (batch=4) within vLLM
using a custom-linked CUTLASS build.

GEMM kernels were chosen for this evaluation because
they are a dominant component in LLM workloads and exhibit
significant oscillatory behavior, as shown in Section IV. Two
GEMM kernel types were evaluated: TF32 GEMM kernels
that perform standard dense matrix multiplication operations
optimized for tensor cores, and Grouped GEMM kernels that
execute multiple independent GEMM operations in parallel
with potentially different matrix dimensions, enabling higher
computational throughput through increased parallelism. For



example, a 6×2816-5632 Grouped GEMM means six indepen-
dent GEMMs with matrix sizes ranging from 2816 to 5632.
We also observe that even with the staggering technique, the
effect on latency is negligible.

TF32 GEMM Results: Figure 17(a) shows consistent volt-
age droop reduction across varying matrix dimensions, with
the maximum reduction of approximately 20%. For example,
the 1024 × 1024 × 1024 GEMM operation reduced droop
from approximately 70 mV to 50 mV. However, the absolute
reduction is limited by low power consumption during high-
frequency oscillation periods and oscillation frequencies that
do not fully align with PDN resonant bands.

Grouped GEMM Results: Figure 17(b) reveals more sub-
stantial droop mitigation, with reductions from approximately
100 mV to 60 mV. The larger improvement is due to higher
static power consumption from parallel workloads, which
amplifies both the magnitude of voltage droops and the effect
of staggering. This highlights the greater benefit of staggering
in high-intensity workloads.

Beyond microbenchmarks, we validated that kernel-level
modifications generalize to full LLM inference in Figure 17(c).
Specifically, vLLM can load a custom CUTLASS build by
linking the modified library path, enabling our staggering-
aware GEMM kernels in end-to-end runs. Using Gemma3
with batch size 4, we compared GEMM kernels at multiple
sequence lengths and observed that, in most cases, staggering
reduces voltage droop across sequences, consistent with the
results Figure 17(a) and (b). While effective, this approach de-
pends on the ability to integrate custom kernels; closed-source
or tightly coupled vendor libraries may limit deployability in
some environments.

Observation 5

Warp-level staggering is an effective strategy for mit-
igating voltage droops in LLM workloads, especially
in computationally intensive scenarios. Higher baseline
power in such scenarios increases baseline voltage
droops, but staggering reduces the noise amplitude.

VIII. RELATED WORK

Power delivery network modeling and automated stressor
generation have been extensively developed for CPU systems.
PDN fundamentals were established by Joseph et al. [21] and
Powell & Vijaykumar [47], who demonstrated RLC circuit
modeling of PDNs showed how alternating high-power/low-
power workload sequences excite these resonances. Auto-
mated frameworks advanced from Joshi et al.’s [22] pioneer-
ing genetic algorithm approach through SYMPO [10] and
MAMPO [11] introducing configurable knobs for multicore
stress testing for max power, to Kim & John’s [28], [29] di/dt-
specific stressmark generation using SimpleScalar/Wattch/H-
SPICE simulation chains for resonant effects. Gupta et al. [12]
and Brooks et al. [1] provided sophisticated PDN modeling
and power-performance analysis methodologies. Runtime miti-
gation approaches include voltage emergency elimination [13],

[15], [37], [49], droop prediction [14], [50], [51], and thread
scheduling techniques [46], [52], while [25] analyzing com-
piler optimization impacts on voltage noise.

Silent Data Corruption concerns have been extensively
documented in large-scale production systems through in-
dustry studies from Meta [6], Facebook [7], Google [16],
[53], Alibaba [66], and Intel [33], all demonstrating real-
world SDC detection challenges and emphasizing that critical
timing paths with small margins are particularly susceptible to
voltage droop-induced SDC. Comprehensive surveys and anal-
ysis frameworks established the connection between voltage
stability and SDC vulnerability, providing strong motivation
for voltage droop analysis in reliability-critical systems.

Prior works in stressmark generation include SYMPO [10],
MAMPO [11], Guser [54], and AUDIT [29]. While CPU stres-
sor frameworks like SYMPO/MAMPO/AUDIT effectively
used genetic algorithms for parameter space exploration, these
cannot transfer to GPUs due to fundamental architectural dif-
ferences (specialized units, CUDA programming models, dif-
ferent pipelines). Some prior GPU simulation works focused
on performance [34], [57], rather than power analysis. Shan et
al.’s Guser [54] provided the first systematic GPGPU power
stressmark generation for the max power, but it does not study
di/dt effects or voltage droops. GPU voltage noise modeling
and mitigation [30], [31], [32], [48], [60], [63], [64], [67], [71]
provides comprehensive voltage noise characterization with
microarchitectural component analysis.

IX. CONCLUSION

This work presents a comprehensive framework for ana-
lyzing and mitigating GPU Power Delivery Network vulnera-
bility considering LLM workloads. The research makes three
key contributions to understanding and addressing oscillation-
induced voltage droop phenomena.

First, systematic analysis of LLM power consumption re-
veals oscillatory behavior across multiple granularities, with
intra-kernel oscillations approaching PDN resonant frequency
ranges. This characterization demonstrates that LLM work-
loads can inadvertently trigger voltage instabilities through
resonance effects during kernel executions. We also note that
the swings caused by repetition of kernels in LLMs are
at a lower frequency outside the resonant frequency range.
Additionally, experimental validation demonstrates that mini-
mal power oscillations of even 10 W at resonant frequencies
generate large voltage perturbations.

Second, we present a controllable di/dt stressor generation
framework that enables systematic GPU reliability assessment
under LLM oscillatory conditions. The generated stressors
can produce 2× larger voltage droops compared to GPU
workloads while providing precise control over any frequency
and voltage magnitude combination. This capability enables
comprehensive PDN vulnerability characterization across the
complete spectrum of potential operating scenarios.

Third, the proposed staggered warp level execution method-
ology provides practical mitigation for reducing LLM vulner-



ability to voltage droops by smoothing power consumption
profiles and reducing resonance excitation likelihood.

Future work should extend analysis through hardware-based
power measurement using direct probing techniques and com-
prehensive profiling of diverse LLM architectures to establish
a broader understanding of oscillatory power characteristics
across different model types and deployment scenarios.
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