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Abstract

We present SparseDVFS, a sparsity-aware DVFS technique
operating at fine-grain for energy-efficient edge inference.
Our key insight is that operator sparsity is a primary metric
for hardware frequency modulation. Traditional model-level
DVFS, on the other hand, is often too coarse-grained to cap-
ture intra-inference variations in sparsity and computational
intensity, whereas fine-grained operator-level scaling suffers
from prohibitive performance degradation due to signifi-
cant hardware switching latency. By distinguishing between
compute-bound dense operators and memory-bound sparse
operators, SparseDVFS applies specialized frequency config-
urations to maximize energy efficiency. We achieve this with
a combination of three techniques: (1) an offline modeler that
establishes a mapping between operator sparsity and optimal
frequency configurations via white-box timeline analysis;
(2) a runtime graph partitioner that aggregates operators
into super-blocks, balancing scaling granularity and DVFS
switching latency through a latency amortization constraint;
and (3) a co-governor that employs a scaling engine to jointly
synchronize CPU, GPU, and memory clock frequencies and
a look-ahead instruction queue to eliminate antagonistic ef-
fects between independent component governors and hide
hardware switching latencies. Extensive evaluations show
that SparseDVFS improves energy efficiency by 78.17% with

“Corresponding author.

This work is licensed under a Creative Commons Attribution 4.0 Interna-
tional License.

ASPLOS 27, Heraklion, Greece

© 2027 Copyright held by the owner/author(s).

ACM ISBN 979-8-4007-3012-2/2027/04
https://doi.org/10.1145/3845814.3850057

Tian Wang

Institute of Artificial Intelligence and

Future Networks, Beijing Normal
University
Zhuhai, China
tianwang@bnu.edu.cn

only a 12.8% latency penalty and reduces DVFS switching
overhead by 8.5%, while ensuring thermal stability.
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1 Introduction

The proliferation of deep neural networks (DNNs) is driving
an unprecedented demand for high-performance edge infer-
ence [13, 19, 33, 45, 48, 82]. As these models grow in complex-
ity, from deep convolutional neural networks (CNNs) [20] to
intricate Transformer-based architectures like Vision Trans-
formers (ViT) [12, 68], deploying them on resource-constrained
edge devices presents a formidable challenge. Edge devices [52]
widely used in autonomous systems [55, 62] and IoT appli-
cations [41, 72], operate under strict energy envelopes and
thermal constraints, necessitating sophisticated system-level
power management strategies.

Dynamic voltage and frequency scaling (DVFS) [31, 40, 59,
66, 70, 83] stands as a standard for managing power and per-
formance trade-offs in modern platforms. By dynamically ad-
justing the operating frequency and voltage of the CPU, GPU,
and memory subsystems, systems can align power consump-
tion with the instantaneous computational demands of the
workload. In the context of edge inference, effective DVFS is
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Figure 1. Comparison of DVFS governor granularities for
edge DNN inference. (a) Model-level DVFS governor employs
a single V/f setting. (b) Operator-level fine-grained DVFS
governor. (c) Our sparsity-aware block-level DVFS governor.

critical. However, traditional DVFS cannot accurately cap-
ture DNN characteristics, such as sparsity [13, 39, 65], lead-
ing to suboptimal frequency allocation that either causes
performance degradation or significant energy waste.
State of the art. Existing work includes DVFS governors [18,
28, 30, 40, 70, 83, 84] for on-device DNN inference to im-
prove energy efficiency. However, as illustrated in Figure 1,
these solutions face a fundamental trade-off between scaling
granularity and system-level overhead. Model-level DVFES,
shown in Figure 1(a), commonly employed by stock Linux
governors [46] and learning-based methods like zTT [30]
or GearDVFS [40], assign a static frequency for the entire
inference process. This is too coarse-grained to capture intra-
model workload fluctuations where computational intensity
varies significantly between layers. Conversely, operator-
level DVFS techniques like Ascend-DVFS [70], shown in
Figure 1(b), attempts to track these variations at the finest
grain, yet they remain practically infeasible on commercial
hardware. Our benchmarks in Section 2 notably reveal that
frequency switching latencies can even exceed the execution
time of lightweight operators, causing transition penalties
to dominate the timeline and overturn energy savings. Fur-
thermore, memory-centric sparse acceleration frameworks
like Symphony [58] and Spatula [14] rely on cycle-accurate
emulators or custom ASIC architectures, making direct de-
ployment on COTS edge boards methodologically infeasible.
Table 1 presents a comparison between SparseDVFS and
related work across four dimensions. Unlike existing works
that either suffer from high-overhead operator scaling, ig-
nore dynamic activation sparsity, or rely on non-deployable
custom hardware emulators, SparseDVFS operates purely
as a software-level governor on stock COTS hardware. By
bridging sparsity with power states, SparseDVFES achieves
fine-grained energy modulation without requiring custom
hardware modifications.
SparseDVEFS. We conceive a block-level DVES strategy, il-
lustrated in Figure 1(c) that strikes a trade-off between the
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Table 1. Comparison of SparseDVFS with related work.

DVFS Sparsity Look
Framework Granularity = Aware Ahead coTs
zTT [30] Model-level X X v
GearDVFS [40] Model-level X X v
Ascend-DVFS [70] Operator-level X X v
Symphony [58] Tensor-level 4 X X
Spatula [14] Kernel-level v X X
CLONE [66] Layer-level X X v
SparseDVFS Block-level 4 4 v

two extremes found in existing work (i.e., model-level DVFS
and operator-level DVFS). By aggregating operators into
sparsity-aware super-blocks, we enforce a latency amortiza-
tion constraint that systematically balances the granularity
of frequency scaling against frequency switching overhead.
This enables SparseD VES to achieve a significantly improved
trade-off between energy efficiency and inference latency
compared to existing DFVS strategies.

Achieving such a fine-grained, sparsity-aware DVFS op-
eration involves the following three key challenges:

e DVFS adjustment overhead: transitioning from co-
arse-grained model-level scaling to fine-grained ope-
rator-level control implies frequent frequency switch-
ing. Our benchmarks in Section 2 reveal that GPU fre-
quency switching latency for on-device DNN inference
mostly ranges from 5ms to 10ms, but exceeds 20ms
at extremely low frequencies. Since many lightweight
DNN operators, such as ReLU [15, 35] and GELU [22],
only take a few milliseconds to execute, operator-level
DVFS strategy would cause the switching overhead
to exceed the execution time, drastically increasing
end-to-end latency.

e Balancing latency and power: the trade-off between

latency and power is non-linear and governed by the

Roofline Model [11, 24, 64, 75]. Our benchmarks in

Section 2 reveal that for compute-bound operators

(e.g., Conv2d [37]), higher frequencies yield linear

speedups. For memory-bound sparse operators (e.g.,

LayerNorm [1]), however, the performance bottleneck

shifts to memory bandwidth. In these cases, increasing

GPU frequency beyond the ridge point primarily in-

creases power consumption with diminishing energy

efficiency gains.

Adaptability and generalization: modern edge Al

workloads exhibit extreme diversity [6, 8], spanning

diverse architectures from traditional CNNs with high
intra-model sparsity to emerging Transformer-based
models characterized by dynamic attention patterns.

Existing learning-driven DVFS governors, however,
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treat DNN models as black boxes, necessitating pro-
hibitive offline retraining and manual profiling when-
ever a new model architecture or hardware platform
is introduced. This lack of architectural transparency
and deterministic modeling renders current solutions
difficult to generalize.

SparseDVES is a fine-grained sparsity-aware DVFS for
energy-efficient edge inference, predicated on the insight
that operator sparsity is a primary metric for hardware
frequency modulation. SparseDVFS overcomes the limita-
tions of existing DVFS governors through three tightly cou-
pled components. First, the offline modeler employs white-
box timeline analysis [21] and thermal-aware power mod-
eling [30] to construct a deterministic mapping between
operator characteristics and optimal hardware states. Sec-
ond, the runtime graph partitioner utilizes a greedy algorithm
to dynamically aggregate operators into super-blocks [43],
enforcing a latency amortization constraint that ensures com-
putational gains are not offset by transition penalties. Third,
the co-governor implements a frequency unified scaling en-
gine (FUSE) strategy [83, 84] to synchronize CPU, GPU, and
memory scaling as a coordinated frequency triplet effec-
tively eliminating the antagonistic effects [81] inherent in
independent component governors.

Experimental evaluations on the NVIDIA Jetson Orin
Nano across diverse CNN- and Transformer-based models
show that SparseDVFS achieves an average energy efficiency
improvement of 78.17% over state-of-the-art solutions, with
only a 12.8% latency penalty. By systematically balancing
scaling granularity and DVFS governor costs, SparseDVFS
reduces frequency switching overhead by up to 8.5%. It also
maintains superior thermal stability under sustained work-
loads, effectively delaying the onset of thermal throttling.

This paper makes the following contributions:

1. We propose SparseDVEFS, a sparsity-aware block-level
DVES that bridges the gap between coarse model-level
and prohibitive operator-level scaling.

2. We develop a white-box offline modeler that provides
a deterministic mapping between operator sparsity
and optimal hardware states.

3. We introduce a runtime graph partitioner that greedily
aggregates operators into super-blocks to amortize
frequency adjustment overhead.

4. We design a co-governor to eliminate the antagonistic
effects of independent governors.

2 Motivation

Our work is motivated by five key observations on the inter-
action between DNN operators and edge hardware, which
we study experimentally. We use an NVIDIA Jetson Orin
Nano with 8GB DRAM as a representative platform, as well
as ResNet-18/101 [20] and ViT-B16/L16 [12] as workloads.
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Figure 2. Roofline model across diverse DNN architectures.

2.1 Roofline Model Analysis

The Roofline Model [75] provides a fundamental character-
ization of how different operators interact with the hard-
ware’s compute and memory limits. Figure 2 shows the per-
formance (FLOPS) [25, 36, 63] against arithmetic intensity
(FLOPs/byte) [53, 60, 61] for various operators in ResNet-18
and ViT-B16.1 The results reveal a bimodal behavior.

Dense operators like Conv2d and Linear layers reside
on the horizontal plateau of the Roofline, indicating they
are compute-bound. Their performance scales linearly with
frequency. In contrast, activation functions (ReLU, GELU)
and normalization layers typically fall into the sloped re-
gion, identifying them as memory-bound. Crucially. As the
GPU frequency increases from 306 MHz to 624.75 MHz, the
ridge point, that is, where the memory-bound slope meets
the compute-bound plateau, shifts accordingly. For these
memory-bound operators, increasing frequency beyond a
certain point yields diminishing returns in performance be-
cause the bottleneck is memory bandwidth, not compute
cycles. Thus, running high-sparsity, memory-bound opera-
tors at peak frequency wastes significant energy.

2.2 Dynamic Sparsity Distribution

We analyze the sparsity distribution of operators across dif-
ferent models on the ImageNet-2012 validation dataset, con-
sisting in about 50k images [35], using cumulative distri-
bution function (CDF). As shown in Figure 3, the CDFs for
ResNet-18/101 (ReLU) and ViT-B16/L16 (GELU) show dis-
tinct profiles. For ResNet, a substantial portion of operators
exhibit high sparsity (>50%), with the median sparsity of-
ten exceeding a 0.5 factor. ViT models show a different but
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Figure 3. Dynamic sparsity distribution (CDF) for CNN and
Transformer models on the ImageNet-2012 validation dataset.

A substantial portion of operators in ResNet and ViT exhibit
high sparsity (>50%).

2.0 700
—— CPU Frequency —— GPU Frequency
~ 1.8
N N
T 600 T
O 16 =
314 500 &
c c
S S
g 400 §
w 1.0 L
2 Idl 2
0.8 300
5} e 5}
0.6
200
6 8 10 12 14
Time (s)

Figure 4. Runtime traces of CPU and GPU frequencies under
default DVFS governors for ResNet-18. Independent and often
inverse fluctuations between operating frequencies of CPU and
GPU create an antagonistic effect. CPU downclocking during
GPU-intensive phases leads to wake-up latency spikes and
pipeline stalls when data prefilling is requested.

equally dynamic distribution, with sparsity varying signifi-
cantly between Attention and MLP blocks.

The sparsity of activation functions thus changes dynami-
cally with input data [13]. A static frequency setting cannot
accommodate this variability. These results confirm that spar-
sity is a viable, high-entropy signal for modulating hardware
performance. High-sparsity operators, that is, the right tail of
the CDF, are prime candidates for frequency reduction, while
low-sparsity operator, at the left tail of the CDF, require high
performance states.
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2.3 CPU-GPU Antagonistic Effect

Runtime traces of CPU and GPU frequencies under con-
ventional governors, such as the simple_ondemand [56] for
GPU and Linux schedutil [17] for CPU, reveal a critical
inefficiency. In Figure 4, CPU and GPU frequencies fluctu-
ate independently and often inversely. For instance, during
a GPU-intensive computation phase, the CPU utilization
drops, causing the default governor to lower its frequency.
However, when the GPU finishes and requests more data,
the CPU is in a low-power state, causing a latency spike as
the conventional governor ramps up its frequency.

This antagonistic effect [81] leads to pipeline stalls and
energy waste. A precise synchronization between CPU and
GPU transitions may, instead, ensure that the CPU is ready
to feed the GPU exactly when needed, regardless of instan-
taneous utilization.

2.4 DVFS Switching Overhead

To quantify the overhead of DVFS, we benchmark four DNN
models on the NVIDIA Jetson Orin Nano.

Model-level DVFS switching overhead. Figure 5 com-
pares the single DVES frequency switching latency against
the total end-to-end inference latency for ResNet-18 across
various CPU-GPU frequency configurations. For model-level
DVFS, a single frequency switch incurs 5 ~ 10 ms of over-
head (exceeding 20 ms at extremely low frequencies), while
the entire inference pass takes 60 ~ 100 ms. In this coarse-
grained regime, adjusting the frequency once per full in-
ference represents a modest relative overhead (5 ~ 15%),
making model-level DVFS feasible but incapable of captur-
ing intra-inference sparsity variations.

Operator-level DVFS switching overhead. However, at-
tempting to scale frequencies at fine operator granularity ex-
poses a critical disparity. As shown in Table 2, single-operator
switching latencies range from 4.6 ms to 14.6 ms. Crucially,
this switching penalty drastically overshadows the execution
time of lightweight operators (e.g., ReLU, BN, LayerNorm,
and GELU take merely 0.07 ~ 1.9 ms), where a single tran-
sition takes up to 10x ~ 50% longer than the computation
itself. Even for compute-dense operators like Conv2d and
Linear layers (0.5 ~ 14.2 ms), the switching cost equals or
exceeds the execution time.

Pipeline stalls and thermal leakage. For operator-level
DVFS, invoking frequency switches per operator causes back-
to-back hardware transition stalls across dozens or hundreds
of sequential layers (e.g., 105 operators in ResNet-101 and
74 in ViT-L16). The cumulative switching overhead easily
dominates the total execution timeline, doubling end-to-end
latency and completely negating any energy dynamic sav-
ings. Furthermore, during these repeated, prolonged pipeline
stalls, the chip remains powered in an active voltage state
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Table 2. Operator-level inference latency, DVFS switching latency, and energy consumption benchmark across four DNN

models on the NVIDIA Jetson Orin Nano.

Model # Operator Operator Type Switching Latency (ms) Inference Latency (ms) Energy Consumption (m])
10 Conv2d 5.6~8.7 1.5~4.2 22.5~67.5
ResNet-18 10 ReLU/BN 4.6~7.5 0.1~0.4 1.4~6.3
1 Linear 53 1.2 18.0
52 Conv2d 5.1~10.3 0.5~3.8 7.2~57.4
ResNet-101 52 ReLU/BN 4.7~8.2 0.07~0.2 0.71~3.6
1 Linear 5.6 1.5 28.4
14 Linear 6.1~9.7 1.2~5.5 18.6~82.4
ViT-B16 12 LayerNorm 5.2~8.9 0.3~0.8 4.9~12.7
12 GELU 5.1~7.4 0.2~0.6 22.5~67.5
26 Linear 6.7~14.6 2.3~14.2 36.8~213.2
ViT-L16 24 LayerNorm 5.5~7.9 0.5~1.9 7.4~23.5
24 GELU 5.0~7.2 0.4~1.1 6.8~16.1
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Figure 5. Comparison between DVFS switching overhead
and end-to-end inference latency for ResNet-18.

while compute units sit idle. This extended dwell time ampli-
fies static thermal leakage power, exacerbating chip heating
and accelerating the onset of thermal throttling.

Compared to the switching overhead of operator-level
DVFS and the operation oblivious of DNN characteristics in
model-level DVFS, SparseDVFS aggregates operators into
super-blocks based on their specific nature, enabling the
execution time of single blocks to significantly exceed fre-
quency switching overhead. This design amortizes hardware
switching costs while capturing fine-grained model features.

2.5 Impact of Clock Frequency on Performance

We execute a grid search across the CPU and GPU frequency
settings to characterize their joint impact on inference la-
tency and power absorption consumption. Figure 6 indi-
cates that inference latency is not uniformly sensitive to
frequency scaling. For compute-bound phases, increasing
GPU frequency yields significant latency reductions. As fre-
quency increases, however, the system encounters a dimin-
ishing returns threshold where memory bandwidth becomes
the primary bottleneck. At high GPU frequencies, the perfor-
mance gain flattens out while power consumption continues
to climb quadratically. We also observe a clear decoupling

CPU Frequency (MHz)

RSRARARS RIS

CPU Frequency (MHz)

(a) Inference Latency (b) Power Consumption

Figure 6. The impact of CPU and GPU clock frequencies on
system performance for ResNet-18. The heatmaps illustrate
the non-linear sensitivity of (a) inference latency and (b) power
consumption to frequency scaling.

between minimum latency and minimum energy consump-
tion. While the highest frequency configuration minimizes
latency, however, it may lead to sub-optimal energy con-
sumption due to the non-linear increase in power.

By mapping specific operator characteristics, such as spar-
sity and arithmetic intensity, to the relationship between
latency and power, SparseDVFS bypasses the limitations of
conventional governors. It allows the system to proactively
select the energy-optimal frequency that satisfies the target
latency constraint, rather than blindly pursuing maximum
performance at the cost of excessive energy consumption.

3 SparseDVFS

SparseDVFS sits between the deep learning framework (e.g.,
PyTorch) and the operating system interfaces. It intercepts
the execution of DNN inference, analyzes the upcoming
workload, and proactively adjusts hardware settings before
execution begins. Unlike reactive governors that rely on
trailing utilization indicators and thus suffer in performance
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Figure 7. SparseDVES overview. The system operates in three stages: (1) the offline modeler establishes a deterministic mapping
between operator characteristics and the optimal CPU-GPU-memory frequency triplet through performance analysis and thermal-
aware power modeling; (2) the runtime graph partitioner performs greedy operator aggregation to construct super-blocks, ensuring
that fine-grained DVFS scaling satisfies an application-provided latency amortization constraint; (3) the co-governor executes
coordinated frequency scaling across heterogeneous components via the frequency unified scaling engine (FUSE) strategy, while
masking DVFS switching latency through a pipelined look-ahead mechanism.

because of the reasons outlined in Section 2, SparseDVFS
uses a predictive model based on static graph analysis and
dynamic sparsity profiling.

3.1 Architecture

Figure 7 shows the architecture of SparseDVFS, which con-
sists of three stages. @ The offline modeler operates prior to
deployment, characterizing the hardware’s behavior through
performance and power models, thereby building a mapping
between operator characteristics and the optimal CPU-GPU-
memory frequency triplet. ® During inference, the runtime
graph partitioner dynamically segments the DNN compu-
tation graph into super-blocks to amortize switching over-
heads. ® The co-governor enforces the optimal frequency
configurations for the blocks across the CPU, GPU, and mem-
ory subsystems, utilizing a look-ahead mechanism to hide
DVFS switching latency. This design ensures that SparseD-
VES can deliver significant energy savings without compro-
mising the strict latency requirements of edge inference.

3.2 Offline Modeler

This component aims to eliminate the cold-start latency and
unpredictability inherent in existing black-box approaches
by establishing a deterministic, physics-based mapping be-
tween operator characteristics and hardware states.

Timeline-based performance model. The execution per-
formance of DNN operators on edge hardware is governed by

the interplay between computational throughput and mem-
ory bandwidth, classically described by the Roofline model.
However, traditional Roofline formulations assume dense
computation, failing to account for the dynamic workload
reduction introduced by algorithmic sparsity.

To address this limitation, we formulate a timeline-based
performance model that explicitly incorporates sparsity sen-
sitivity coefficients to predict the execution time T, of an op-
erator under varying frequency configurations. This model
treats execution time not as a monolithic random variable,
but as a convex piecewise linear function determined by the
scarce resource that may represent a bottleneck.

We derive the execution time by calculating the maxi-
mum latency between the compute-bound execution path
and the memory-bound data transfer path, augmented by
a system overhead constant. For a given frequency triplet
f = [fepus fgpus fmem], the predicted execution time is

Wcomp : (1 - Scomp) Dmem . (1 - SmEm)
Ppeuk (fcpusfgpu) ’ Bmem(fmem)

+Toverhead
(Y]
where Weom, represents the theoretical computational work-
load (FLOPs) derived statically from the operator’s dimen-
sions, while Scomp € [0,1] is the computational sparsity
coefficient, representing the fraction of zero-valued activa-
tions that the hardware can effectively skip.
The term Weomp - (1 — Scomp) in Eq. (1) thus quantifies
the effective computational load, revealing the execution

Texe (f) = max
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slack available for frequency downscaling in sparse layers.
Conversely, the memory is governed by the total data vol-
ume D, and the storage sparsity coefficient Sy,erm, which
captures the bandwidth savings dependent on the sparsity.
For structured sparsity, Smem & Scomp, Whereas for unstruc-
tured sparsity, Syem approaches zero due to random access
inefficiencies. Ppear and Byem denote the peak theoretical
performance and memory bandwidth at respective frequen-
cies, obtained via offline micro-benchmarking. Finally, the
term T,yerheaq accounts for constant system latencies such
as kernel launch overhead and synchronization barriers.

Conventional history- or reactive-based predictors [34, 80]
rely on past resource utilization to estimate future execu-
tion demand. However, they suffer from severe reactive lag
during microsecond/millisecond-level intra-DNN operator
shifts, as frequency scaling only occurs after performance
degradation or power spike has already occurred. In contrast,
SparseDVFS proactively intercepts compiled TensorRT or
CUDA execution queues ahead of runtime. By inspecting
incoming operator dimensions and dynamic sparsity profiles
before kernel launch, SparseDVFS maps workloads to opti-
mal frequency settings without incurring reactive overheads.

Table 3 shows the performance of the timeline-based ac-
curacy performance model. We take the FLOPs-based predic-
tor as the baseline, which utilizes theoretical computational
workload to build a simple linear model for latency predic-
tion. As shown, the FLOPs-based predictor only achieves
8.2%~18.4% accuracy across all models we test. By incor-
porating sparsity sensitivity and hardware-specific bottle-
necks, our predictor achieves +10% accuracies of 86.25%,
84.6%, 82.1%, and 80.8% for ResNet-18, ResNet-101, ViT-B16,
and ViT-L16, respectively. This performance is even compa-
rable with the black-box model nn-Meter, which relies on
extensive kernel-level profiling. Note that our predictor is
designed to be extremely lightweight that only requires 32
bytes, whereas nn-Meter’s size is nearly 856MB which is not
suitable for online prediction on edge devices.
Thermal-aware power model. Accurate energy optimiza-
tion in embedded AI chips requires a precise estimation of
power consumption that accounts for the non-linear depen-
dency of static leakage current on temperature. A simplis-
tic model ignoring thermal feedback risks underestimating
power draw during intensive inference workloads, leading
to thermal throttling and performance jitter.

We employ a thermal-aware power model that decouples
total power into dynamic switching power and temperature-
dependent power absorption due to leakage current. The
dynamic component is modeled as a function of the activity
factor, supply voltage, and frequency, while the static com-
ponent is modeled as a linear function of temperature, scaled
by voltage. Power consumption is then:

Ptotal(f> T) = denamic + Pstatic(T)

- 2 @)
= a(Scomp) - V2 f+ (ki -T+ky) -V
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where the activity factor « is modeled as a function of spar-
sity Scomp, as sparse data streams induce fewer bit-flips in the
datapath, thereby reducing dynamic power. The coefficients
ky and k; are device-specific thermal constants derived from
regression analysis through offline profiling data, capturing
the sensitivity of leakage current to junction temperature
and the base leakage at a reference temperature, respectively.

In Figure 6, power consumption exhibits non-monotonic
behavior under passive cooling. This result is explained by
the dynamic temperature-leakage feedback loop inherent
in Eq. (2). When operating under high frequencies, elevated
power dissipation rapidly elevates the chip junction temper-
ature T. Under passive cooling, heat accumulation causes
Pstatic(T) to increase non-linearly. This elevated thermal
leakage, combined with quadratic voltage scaling, offsets the
expected power reductions at intermediate operating states,
giving rise to non-monotonic power shifts.

Our thermal-aware power model enables the system to
perform proactive thermal management. When the device
temperature T rises, the model predicts the super-linear in-
crease in Pgyyic, prompting the scheduler to select a voltage-
frequency pair that not only satisfies the immediate latency
constraint but also minimizes total energy E = Pyyq1 X Toxce,
as derived from Eq. (1), by potentially lowering voltage to
reduce the thermal envelope. This feedback loop prevents
the device from hitting hardware thermal limits.

Figure 8 presents a comparison between measured data
and the prediction data of our offline modeler for ResNet-
18. Figure 8(a) demonstrates that the timeline-based per-
formance model accurately characterizes operator latency
across the joint CPU-GPU frequency scaling space, with a
mean error below 2%. Simultaneously, Figure 8(b) shows
the prediction accuracy of the thermal-aware power model,
which successfully captures the super-linear increase in
power consumption driven by temperature-dependent static

Table 3. Accuracy of the timeline-based accuracy perfor-
mance model.

Predictor Model +10% Accuracy Size
ResNet-18 18.4%
ResNet-101 12.8%

FLOPs-based [34] ViT-B16 11.5% 8B
ViT-L16 8.2%
ResNet-18 91.5%
ResNet-101 88.1%

nn-Meter [80] ViT-B16 87.9% ~856MB

ViT-L16 85.9%
ResNet-18 86.2%
o ResNet-101 84.6%

Timeline-based (Ours) ViT-B16 82.1% 32B
ViT-L16 80.8%
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Figure 8. An example of offline modeling for ResNet-18:
(a) latency prediction under different CPU/GPU frequency
combinations and (b) thermal-aware power prediction.

leakage. Overall, our models provide the necessary deter-
ministic foundation for proactive DVFS scaling, effectively
bypassing the unpredictability and cold-start overheads in-
herent in traditional black-box learning methods.

3.3 Runtime Graph Partitioner

While the offline modeler provides optimal configurations for
individual operators, applying these settings "as-is" at run-
time is likely inefficient due to the non-negligible hardware
switching latency (T§.,iscn) associated with voltage regula-
tion. To reconcile the conflict between fine-grained optimiza-
tion and switching overhead, the runtime graph partitioner
dynamically transforms the fine-grained operator graph into
a sequence of execution-friendly super-blocks.

Greedy merging and super-block construction. The par-
titioner operates on the DNN directed acyclic graph by em-
ploying a greedy merging algorithm that traverses the topo-
logically sorted sequence of operators. The core logic dictates
that adjacent operators should be fused into a single super-
block if they share similar sparsity characteristics and thus
enjoy compatible optimal frequencies, or if the execution
time of an individual operator is insufficient to amortize the
cost of a frequency switch.

Algorithm 1 traverses the topologically sorted computa-
tion graph to construct super-blocks greedily. It initializes
the first block with the leading operator (line 1) and tenta-
tively adds the next operator v, in the DNN sequence (line
3). For each candidate merge, the partitioner predicts the can-
didate’s optimal frequency (line 4) and calculates the current
block’s execution time (line 5) to evaluate homogeneity and
amortization within a single conditional check (line 7).

If two consecutive blocks are considered homogenou, that
iS, fnext ® feurr, the algorithm checks if the optimal fre-
quency of the candidate operator fo’l‘ftx’ falls within a toler-
ance threshold of the current block’s frequency f57". If the
frequencies diverge significantly, the partitioner creates a
block boundary (line 11). However, this decision is overrid-
den by the amortization constraint (i.e., Toss < N X Typizch)s
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which ensures that the candidate is merged (line 8) if the
block’s duration is insufficient to justify a frequency switch.
If both conditions fail, the current block is finalized (line 11)
and a new block is initiated (line 12~13).

Algorithm 1 Sparsity-aware Greedy Graph Partitioning

Input: G(V, E): DNN computation graph sorted topologically
Input: Mperf, Mpower: Offline performance and power models
Input: Tg,icn: Hardware frequency switching latency
Input: N: Amortization granularity factor
Output: S: Sequence of (super-block, fo,r) tuples

1: 8 « 0, Blockcyrr < {01}, feurr < Mpery.predict(ovr)

2: fori=2to |V]do
Vnext < V[i]
4 Jnext — Mperf-PrediCt(Unext)
5 Test < Mperp.calc_time(Blockcurr, feurr)
6:  // Check amortization and similarity constraints
7
8
9

if Tes: < N X Tswirch OF fnext = feurr then
BIOCkcurr — BlOCkcurr U {Unext}

: Sfeurr < max(feurrs fnext) // Conservative merge

10: else

11: S.append((Blockcurr, feurr))
12: BlOCkcurr — {Unext}

13: ﬁurr — fnext

14: end if

15: end for

16: S.append((Blockeurr, fourr))

17: return S

Latency amortization constraint. The partitioner enforces
a strict latency amortization constraint to ensure that the en-
ergy savings from a DVFS switching latency are not negated
by the performance penalty of the switch itself. A super-
block is finalized only if its cumulative estimated execution
time is such that:

Toiock > N X Twitch (3)

where N is a tunable granularity factor that dictates the ag-
gressiveness of the aggregation. If the accumulated duration
of the current block is less than N X T;,,;;cp, the partitioner is
forced to merge the separate operator, effectively absorbing
that into the larger block.

We analyze the reduction in scaling granularity and the
corresponding mitigation of switching overhead across di-
verse architectures. Figure 9 shows that the partitioner effec-
tively consolidates fine-grained operators into computation-
ally substantial super-blocks to satisfy the latency amortiza-
tion constraint. ResNet-18 is trimmed from 21 operators to
just 2 super-blocks, while the deeper ResNet-101 is reduced
from 105 operators to 16. Similarly, the partitioner aggre-
gates the 38 and 74 operators of ViT-B16 and ViT-L16 into 8
and 12 super-blocks, respectively.

This reduction in granularity translates directly into a
drastic decrease in cumulative DVES switching latency. Com-
pared to operator-level DVFS scaling, SparseDVFS reduces
the total switching latency by 7.0x for ResNet-18 and up
to 8.5% for ViT-B16. These results reveal that by enforcing
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Figure 9. Impact of runtime graph partitioner on operator
aggregation granularity and DVFS switching latency. We set
aggregation factor N = 5.

Toiock > N X Typirch, SparseDVES successfully amortizes
the non-negligible DVFS switching latency. Nonetheless, we
measure the effect of the configuration parameters determin-
ing the operation of the graph partitioner in Section 5.4.

3.4 Co-governor

This component aims to execute the schedule generated by
the partitioner. To mitigate the antagonistic effect observed
across heterogeneous edge Al platforms, as discussed in
Section 2.3, the co-governor implements a frequency-unified
scaling engine (FUSE) strategy. Instead of reacting to load,
our co-governor proactively sets the frequency vector based
on the known characteristics of the incoming super-block.
CPU/GPU/memory coordination. SparseDVFS implements
a proactive race-to-submit policy by treating CPU, GPU,
and memory frequencies as a coupled vector. By intercept-
ing CUDA streams and TensorRT execution queues, the co-
governor identifies super-block boundaries and immediately
locks the CPU to a high-performance state to accelerate pre-
fill tasks like data preprocessing and kernel launches. This
prevents the GPU starvation typically caused by reactive gov-
ernors downclocking the CPU during GPU-intensive phases.
Once the kernel is offloaded, the CPU frequency is allowed
to drop, effectively masking hardware wake-up latencies and
maximizing system-wide energy efficiency without negative
effects on throughput.

As for memory, for sparse operators, SparseDVEFS co-go-
vernor builds on the insight from the Roofline model that
performance is memory-bound In the presence of sparse
blocks, the governor locks the memory controller to a high
frequency to maximize bandwidth, while simultaneously
lowering the GPU core frequency. This configuration saves
GPU power without hurting performance, as the GPU was
stalling on memory anyway. In the case of dense blocks, the
governor scales the memory controller down to the mini-
mum level required to support the GPU’s compute through-
put, reducing the power draw of the memory interface.
Pipeline-based look-ahead mechanism. To mitigate the
impact of DVFS switching latency, the co-governor utilizes a
pipeline-based look-ahead mechanism. Conventional DVFS
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Figure 10. Pipeline-based Look-Ahead DVFS.
Table 4. Comparison of DVFS switching latency with con-

ventional DVFS (serial execution) and pipeline-based look-
ahead. We set the aggregation factor as N = 5.

Model Default DVFS Look-Ahead DVFS
ResNet-18 7.23ms 0.12ms
ResNet-101 10.81ms 1.45ms

ViT-B16 5.44ms 0.72ms

ViT-L16 7.92ms 1.08ms

governors typically execute scaling commands serially, caus-
ing significant execution stalls as the system waits for volt-
age and frequency levels to stabilize. As shown in Figure 10,
SparseDVFS overcomes this bottleneck by employing a pipe-
lined command queue that submits frequency scaling instruc-
tions for the subsequent super-block to hardware registers
before the current super-block completes its execution. These
asynchronous instructions mask the non-negligible DVFS
switching latency, without inducing pipeline bubbles.

The benefits of this mechanism are quantified in Table 4.
For instance, in ResNet-101, conventional serial DVFS switch-
ing incurs a cumulative latency of 10.81ms, which SparseD-
VEFS drastically reduces to just 1.45ms. Similarly, for ViT-L16,
the switching overhead is reduced from 7.92ms to 1.08ms.
By overlapping the physical switching period with active
computation, SparseDVFS ensures that the energy efficiency
gains achieved through fine-grained frequency modulation
are not negated by system-level performance penalties.
Synergy of blocking and Look-ahead. The look-ahead
mechanism relies fundamentally on the structural founda-
tion provided by graph blocking. If look-ahead instruction
queuing is applied alone without super-block partitioning,
microsecond-level overlapping operators issue high-frequency,
back-to-back hardware register writes. This rapid succession
saturates hardware control registers, causing instruction
queue overflows and stalling the hardware pipeline.

Conversely, when combined with the graph partitioner,
the look-ahead mechanism achieves complete synergy. Graph
blocking creates execution windows long enough (Tpjocr >
N X Tsyiren) to absorb asynchronous frequency transition
commands, allowing physical switching overheads to be
fully overlapped with active computation. As quantified in
Table 3, this co-design eliminates the baseline serialization
penalty (5.44 ~ 10.81 ms), overhead to just 0.12 ~ 1.45 ms
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Table 5. Detailed configuration of four DNN models.

Model Op. Count FLOPs (G) Size (MB)
ResNet-18 21 1.82 11.69
ResNet-101 105 7.87 44.55

ViT-B16 38 11.29 58.07

ViT-L16 74 39.86 203.36

and fully unlocking the theoretical energy savings of fine-
grained DVFS.

4 Implementation

SparseDVES sits between the deep learning framework and
the Linux kernel frequency governors. The offline modeler
and the runtime graph partitioner are implemented in Python,
using PyTorch 2.1 for computation graph extraction and ex-
ecution time prediction. The co-governor is implemented
in C++ to minimize overhead during inference. The system
is deployed on an NVIDIA Jetson Orin Nano edge device
(JetPack 6.0 with Linux Kernel 5.15). This edge platform fea-
tures an Ampere architecture GPU and an ARM Cortex CPU,
sharing unified 8GB DRAM.

Unlike existing DVFS governors that operate entirely within
the OS kernel space, SparseDVFS operates in userspace by in-
tercepting execution streams. Specifically, we detect upcom-
ing operator sequences by intercepting CUDA streams [49]
and TensorRT execution queues [51]. During runtime, the
co-governor applies the FUSE strategy by directly manipulat-
ing the device’s frequency scaling interfaces. We utilized the
jetson_stats [2] to monitor real-time power consumption
across the CPU, GPU, and memory rails. To bypass the con-
ventional governors (e.g., Linux schedutil [17] for CPUs
and simple_ondemand [56] for GPUs), SparseDVFS takes di-
rect control of the clock frequencies via the jetson_clocks
provided by NVIDIA nvpmodel [50] and Linux sysfs nodes.

5 Evaluation
5.1 Experiment Setup

Models and datasets. As shown in Table 5, we use CNN-
based (e.g., ResNet-18 and ResNet-101 [20]) and Transformer-
based (e.g., ViT-B16 and ViT-L16 [12]) architectures to demon-
strate the use of SparseDVFS with different workloads. Mod-
els are pre-trained on ImageNet-2012 [35] and converted to
ONNX [54] before being input to SparseDVFS.

Frequency configurations. To comprehensively sweep the
optimization space, we utilize the full range of accessible fre-
quencies on the Jetson Orin Nano. For CPU governor, there
are 20 distinct frequency levels ranging from 115MHz to
1510MHz. For GPU governor, there exist 5 distinct frequency
levels: 306/408/510/612/624MHz.

Baselines. We compare SparseDVES against four power
management strategies:
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e Default DVFS: The standard Linux schedutil gov-
ernor for the CPU and NVIDIA’s simple_ondemand
governor for the GPU, which is our default baseline.

¢ nvpmodel (MAX-N) [50]: A static maximum perfor-
mance mode provided by NVIDIA JetPack that locks
all clocks to their highest frequencies.

e GearDVFS [40]: A deep reinforcement learning (DRL)-
based governor optimized for concurrent workloads
that operates at a coarse model-level granularity.

e Ascend-DVFS [70]: A state-of-the-art fine-grained
operator-level DVFS governor employing a genetic
algorithm for frequency scaling.

Metrics. We evaluate SparseDVFS using three primary met-
rics that characterize the efficiency-performance-reliability
trade-offs for edge inference.

¢ Energy-per-inference: It measures the energy con-
sumed for a single forward pass, which is critical for
edge devices operating under strict power envelopes.
We obtain it by sampling real-time power draw across
the CPU, GPU, and memory rails via the jetson_stats [2]
and integrating the power over the operator execution
timeline.

e End-to-end latency: It captures real-time performance,
ensuring compliance with the strict timing require-
ments of edge Al applications. Latency is measured
using a hardware timer to account for both active com-
putation and the potential stalls induced by frequency
switching.

e Cost-Gain Ratio [10]: It is a normalized metric to
evaluate the net utility of DVFS scaling. It is defined as
the ratio of latency penalty incurred to the energy sav-
ings achieved. This is essential for assessing whether
the cost of hardware switching latency is effectively
amortized by the gain in energy efficiency.

We also monitor thermal stability and frame-rate jitter during
sustained workloads. This is important for passively-cooled
edge hardware to ensure that the system does not trigger
severe hardware throttling that could compromise inference.

5.2 Results

Energy and power. SparseDVFS provides great energy ben-
efits. As shown in Figure 11, the power profile of SparseD-
VEFS is significantly lower and more stable than the baselines.
While nvpmodel consistently draws peak power ( 15W) and
GearDVFS fluctuates in the 10-12W range, SparseDVFS dy-
namically modulates power between 7W and 10W depending
on the operator sparsity. By reducing frequency during high-
sparsity phases (e.g., ReLU-heavy blocks), it drastically cuts
the energy area under the curve.

Compared to Default DVFS, Figure 12 demonstrates that
SparseDVES achieves an average energy efficiency gain of
78.17%. Differently, nvpmodel achieves a 46.86% gain, mostly
due to reduced total execution time, GearDVFS achieves a
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Figure 11. Energy and power profile comparison across
different DNN models.
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Figure 12. Normalized energy efficiency gain relative to the
Default DVFS baseline.

20.25% gain, and Ascend-DVFS achieves a 11.33% gain. These
results highlight the benefits of the sparsity-aware block-
level approach over coarser model-level strategies.
End-to-end latency. As shown in Figure 13, SparseDVFS
demonstrates the ability to maintain competitive latency
while aggressively saving power. Among the systems we test,
nvpmodel (MAX-N) achieves the lowest latency by running
all clocks at maximum. Nonetheless, SparseDVFS incurs a
modest latency penalty of approximately 12.8% compared to
MAX-N, while consistently outperforming the Default DVFS
governors and matching the latency profile of GearDVEFS.
Crucially, the switching latency reveals that SparseDVFS
successfully overcomes the transition bottlenecks prevalent
in other fine-grained methods. While Ascend-DVES suffers
from prohibitive switching overheads that escalate with
model depth (e.g., reaching over 30ms for ViT-L16), SparseD-
VFS reduces these costs by up to 8.5x. By consolidating
operators into super-blocks and employing a pipeline-based
look-ahead mechanism, the cumulative switching penalty
is suppressed to approximately 1ms for most models. This
demonstrates that our strategy effectively masks hardware
transition periods, ensuring that fine-grained energy modu-
lation does not degenerate into a performance bottleneck.
Cost-gain analysis. To evaluate the trade-off between en-
ergy gain and latency performance, we utilize the a concept
of Cost-Gain Ratio [10] (lower is better), by measuring the
latency cost incurred for every unit of energy gain. Figure 14
shows that SparseDVFS achieves a far superior Cost-Gain
Ratio, compared with the baselines. In contrast, GearDVFS
and Ascend-DVFS incur higher latency penalties for their
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Figure 13. Comparison of end-to-end inference latency
across different DNN models.
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DVFS strategies.
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Figure 15. Thermal stability and frame rate jitter analysis of
NVIDIA Jetson Orin Nano under sustained load (ViT-B16).

respective energy savings. Instead, nvpmodel achieves a per-
formance close to SparseDVFS, but running at thermal limits.

Thermal throttling and stability. We evaluate the thermal
throttling of SparseDVFS for stability analysis. As shown in
Figure 15, nvpmodel and Default DVFS quickly reach the
thermal throttle temperature, leading to severe frame rate
jitter. SparseDVEFS, due to its lower average power draw,
maintains a stable temperature trajectory, delaying the on-
set of thermal throttling significantly. The jitter level for
SparseDVEFS is the lowest among all systems we test, pro-
viding evidence of its use on passively-cooled edge devices.

5.3 Ablation Study

We conduct an ablation study on ViT-B16 using the DOTA-
v1.0 and VisDrone 2019 datasets to validate the co-governor
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Figure 16. Ablation studies of each component of the co-
governor on (a) DOTA-v1.0 and (b) VisDrone 2019 datasets,
respectively. We use ViT-B16 as test load.
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Figure 17. Impact of the amortization factor N on super-
block aggregation granularity.

components. As shown in Figure 16, GPU Only scaling suf-
fers from the CPU-GPU antagonistic effect, where indepen-
dent CPU frequency drops during GPU-intensive phases
induce wake-up latency spikes, the +CPU Lock configura-
tion mitigates GPU starvation by maintaining the CPU in
a high-performance state during critical kernel launch win-
dows. Ultimately, the complete FUSE strategy that treats
CPU, GPU, and memory frequencies as a coupled vector,
achieves optimal energy efficiency by carefully synchroniz-
ing transitions and minimizing total energy consumption
across diverse edge workloads.

5.4 Operator Aggregation Granularity

Number of super-blocks. The amortization factor N reg-
ulates the trade-off between scaling granularity and DVES
switching latency. Figure 17 shows a consistent inverse cor-
relation between N and super-block count. For layer-dense
models like ResNet-101, small values for N capture fine-
grained sparsity but incur excessive switching risk. Increas-
ing N to 10 effectively consolidates operators into compu-
tationally significant units. Conversely, ViT-L16 exhibits a
more gradual aggregation curve. Because its Transformer
blocks possess substantial execution times, the amortization
constraint (i.e., Tpjock > N X Tyizcn) is easily satisfied even
at lower N values.

Inference latency and switching. Figure 18 illustrates how
N balances inference latency and switching overhead. At
N =1, switching latency dominates the timeline, particu-
larly for ResNet-101. Although ViT-L16’s bigger operators
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buffer against switching costs, the Look-Ahead mechanism
remains essential for masking transitions between its mas-
sive MLP and Attention blocks. Notably, an excessively high
N induces a frequency lag effect, where SparseDVFS misses
downclocking opportunities by merging distinct and dense
phases into a single block.
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Figure 18. Trade-off between inference latency and switch-
ing overhead relative to N.

Note that the average 12.8% latency penalty reported in

Section 5.2 is not a rigid performance degradation, but rather
a flexible, user-tunable constraint governed directly by the
amortization factor N. The existence of this tunable knob al-
lows users to dynamically regulate the trade-off based on spe-
cific deployment requirements. For strict real-time or time-
sensitive tasks where latency are non-negotiable, operators
can configure a lower amortization threshold (e.g., N = 2).
Conversely, energy-constrained IoT or energy-harvesting
edge nodes can specify a higher N (e.g., N = 5 ~ 8) to
maximize power efficiency.
Power and energy. As shown in Figure 19, the energy-per-
inference quota displays a characteristic U-shaped curve
relative to N. At low N values, the system suffers from high
energy consumed during the frequent high-voltage transi-
tions between blocks. Conversely, at very high N values, the
lack of granularity prevents the co-governor from identify-
ing short-lived sparse windows, forcing the GPU to remain
in high-power states even during memory-bound phases.
For the computationally heavy ViT-L16, the energy savings
are most pronounced at moderate N settings.

6 Related Work

Performance modeling for edge inference. Existing stud-
ies like nn-Meter [80] and nn-stretch [71] rely on kernel-level
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Figure 19. Impact of the aggregation factor N on system
power and energy consumption.

profiling, while EdgeFM [77], Im-Meter [69], and nnPerf [7]
focus on model-level latency modeling (i.e., the aggregate
end-to-end inference time measured from a black-box per-
spective). While computationally efficient, this coarse-grained
approach ignores intra-inference computational fluctuations
and hardware transition overheads occurring between indi-
vidual operators. Unlike these black-box models or memory-
centric simulations like Symphony [58] and Spatula [14],
SparseDVFS implements a white-box and sparsity-aware
model. It maps operator-level sparsity to optimal frequency
triplets with deterministic and lightweight lookup complex-
ity suited for low-latency edge execution.

DVES technology for AI accelerators. Frequency scaling
evolved from coarse model-level adaptation (e.g., zT'T [30]
and GearDVFS [40]) to prohibitive layer- or operator-level
scaling (e.g., Ascend-DVFS [70] and CLONE [66]). Existing
work also includes techniques to eliminate component inter-
ference, like FUSE [81] and collaborative inference methods
like DVFO [84] and E4 [83]. While previous studies focus
on high-overhead operator-level scaling or low-precision
model-level governors, SparseDVFS aggregates operators
into super-blocks and employs a look-ahead mechanism,
amortizing the non-negligible DVFS switching latency.
Sparse optimization for DNN models. Exploiting model
sparsity and low-precision representation is a primary lever
for reducing computational and memory intensity of DNN
models. Algorithmic efforts like nmSPARSE [39], Sparse
VILA [29], and FlashAttention-2 [9] focus on designing spe-
cialized sparse kernels or hardware primitives like SparseC-
ore [27]. While these works focus on designing specialized
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sparse kernels, SparseDVFS treats operator sparsity as a dy-
namic control signal for DVFS. It bridges the gap between
algorithmic sparsity and the physical power states of com-
mercial hardware, enabling unified frequency modulation
that saves energy without sacrificing model performance.

7 Discussion

Non-DNN workloads. The physics-based modeling and
graph partitioner of SparseDVFS are fundamentally workload-
agnostic. The framework models workloads as general data-
flow directed acyclic graphs (DAGs). Consequently, non-
DNN pipelines structured as execution DAGs (e.g., image
processing or sensor fusion) can directly adopt SparseDVFS
to achieve proactive, bandwidth-aware frequency scaling.
Sparsity patterns. SparseDVFS accommodates diverse spar-
sity patterns [39] by incorporating the storage sparsity co-
efficient S,,¢;,. Unlike structured sparsity [73, 78, 86] (i.e.,
prune according to regular patterns to form a predictable
sparse structure), unstructured sparsity [16, 26, 74, 85] (i.e.,
random pruning to form arbitrary sparsity patterns) induces
random memory accesses that degrade cache efficiency, driv-
ing Smem — 0 even under high computational sparsity S¢omy.
Our offline modeler explicitly captures this cache degrada-
tion, prompting the co-governor to lock the memory con-
troller to peak frequency for bandwidth while downclocking
GPU cores to save dynamic power.

Memory access awareness. SparseDVES relies on the com-
pute reduction aspect of sparsity. However, memory access
overhead, specifically the latency of DRAM row activation,
remains a critical factor. We may integrate real-time memory
controller performance counters [32, 38, 44, 67, 76] into the
runtime partitioner. This would allow the system to dynami-
cally adjust parameters based on bus contention, rather than
solely on static profiling.

Hardware adaptation. SparseDVFS naturally scales to multi-
GPU servers (e.g., NVIDIA DGX) running large-scale work-
loads like LLMs [5, 23]. During memory-bound LLM decode
phases [3, 4, 42], SparseDVFS can coordinate multi-GPU
core and memory subsystems by downclocking compute
units during sparse tensor retrievals to minimize idle power
draw and delay thermal throttling under strict latency bud-
gets. Furthermore, transfer learning [47, 57, 79, 87] can map
learned V/F configurations across heterogeneous edge hard-
ware (e.g., from GPU to TPU) without exhaustive profiling.

8 Conclusion

We presented SparseDVFS, a block-level DVFS technique
for energy efficiency edge inference. By elevating operator
sparsity to a first-class metric, SparseDVFS bridges the gap
between operators and the power states of commercial edge
hardware. The block-level aggregation strategy in SparseD-
VEFS successfully captures intra-inference computation, while
mitigating the non-negligible DVFS switching latency.
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