
Abstract—Edge deployment of deep neural networks remains
a fundamental challenge in applied machine learning, where
resource-constrained platforms such as embedded controllers,
unmanned aerial vehicles, and industrial IoT sensors demand real-
time inference under strict power, memory, and latency budgets.
Existing structured pruning methods physically remove entire
convolutional filters yet apply a fixed compression rate uniformly
across all layers — a strategy that over-compresses accuracy-
critical layers while leaving computationally redundant ones un-
derutilized. This paper presents AEDSP (Adaptive Energy-Aware
Dynamic Structured Pruning), a framework that assigns layer-
specific pruning ratios through a multi-objective score jointly in-
corporating measured energy consumption, inference latency, and
empirical sensitivity profiled at three distinct compression levels
per layer. A novel battery-aware urgency controller further adapts
pruning aggressiveness at runtime using a continuous quadratic
function — the first such mechanism introduced in structured
pruning literature. Post-pruning accuracy is efficiently recovered
through knowledge distillation from the uncompressed teacher
model. Evaluated on CIFAR-10 across ResNet-18, MobileNetV2,
and VGG-16, AEDSP achieves up to 50% FLOPs reduction, 54%
model size compression, and 45% inference latency improvement
while maintaining accuracy within 1.2% of the uncompressed
baseline, consistently outperforming uniform pruning across all
three architectures.

Index Terms—structured pruning, edge AI, knowledge dis-
tillation, energy-aware inference, adaptive compression, neural
network optimization, battery-aware systems

I. INTRODUCTION

The rapid growth of deep neural networks has driven ma-

jor advancements in computer vision, speech processing, and

autonomous systems. At the same time, there is increasing

demand to deploy these models on edge devices such as

smartphones, drones, IoT sensors, and wearable systems. These

devices must perform real-time inference under strict con-

straints on power, memory, and computation, creating a gap

between model complexity and deployment feasibility.

Structured pruning has emerged as an effective solution, as it

removes entire filters and preserves dense computation suitable

for hardware acceleration. However, most existing methods

apply a uniform pruning rate across all layers, which is not

practical. Different layers vary in both computational cost and

sensitivity to pruning—some can be aggressively compressed

with minimal impact, while others are highly accuracy-critical.

Uniform pruning therefore leads to inefficient compression,

over-pruning sensitive layers and under-utilizing robust ones.

To address this, we propose AEDSP (Adaptive Energy-
Aware Dynamic Structured Pruning), which performs layer-

wise adaptive pruning based on three factors: energy consump-

tion, inference latency, and sensitivity to pruning. A composite

score is computed for each layer to guide pruning decisions in

a single pass, enabling efficient and targeted compression.

In addition, AEDSP introduces a battery-aware mechanism

that adjusts pruning intensity based on device energy levels

using a continuous function:

U(b) = 1 + (1− b/100)2 (1)

This allows the model to adapt its efficiency dynamically

without requiring direct hardware power measurements.

The key contributions of this work are:

• A multi-objective scoring method combining energy, la-

tency, and sensitivity

• A three-level sensitivity evaluation strategy

• A continuous battery-aware pruning mechanism

• Knowledge distillation for accuracy recovery

• Validation across ResNet-18, MobileNetV2, and VGG-16
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II. RELATED WORK

A. Structured Pruning
Structured pruning removes entire filters or channels from

convolutional networks, preserving dense tensor structures that

execute efficiently on standard hardware. Early methods es-

timate filter importance using L1-norm magnitude, assuming

filters with smaller weights contribute less to the output. Later

approaches introduced data-driven metrics based on Taylor

expansion and feature map statistics, providing a more accurate

estimate of accuracy impact. However, most existing methods

still apply a uniform pruning rate across all layers, ignoring

differences in computational cost and sensitivity. In contrast,

AEDSP assigns layer-specific pruning ratios using a multi-

objective score, enabling more effective and balanced compres-

sion.

B. Hardware-Aware Compression
It is well known that FLOPs reduction does not always

translate to real-world latency improvement on embedded hard-

ware. This has led to hardware-aware pruning methods such as

NetAdapt and AMC, which iteratively measure device latency

during pruning. More recent approaches incorporate differ-

entiable latency estimators for optimization. However, these

methods often require repeated hardware profiling and do not

explicitly consider energy consumption. AEDSP addresses this

by performing a single profiling pass using CUDA timing and

an energy proxy:

El = 0.001× FLOPsl + 0.01×ActivationSizeMB (2)

This captures both computation and memory costs while avoid-

ing repeated hardware measurements.

C. Knowledge Distillation for Compression Recovery
Knowledge distillation improves post-pruning accuracy by

transferring knowledge from a large teacher model to a smaller

student model using soft targets. Compared to standard training,

it provides richer supervision by encoding inter-class relation-

ships, leading to better convergence and accuracy recovery.

The effectiveness of distillation depends on parameters such as

temperature (T ) and weighting factor (α). AEDSP includes an

ablation study to determine optimal values, selecting T = 4.0
and α = 0.7 for best performance.

D. Battery-Adaptive Inference Systems
Adaptive inference methods aim to reduce computation under

resource constraints using techniques such as early exiting

and conditional execution. However, these approaches mod-

ify inference behavior rather than the model itself. Existing

structured pruning methods also do not consider device energy

level in compression decisions. AEDSP introduces a battery-

aware mechanism that adjusts pruning ratios based on battery

state using a continuous urgency function. This enables energy-

adaptive compression and provides a practical framework for

deployment under varying resource conditions.

III. PROPOSED METHODOLOGY

AEDSP is structured as an eight-module sequential pipeline

that transforms a baseline-trained model into a deployment-

ready compressed network. Two novel extensions augment the

core pipeline: a runtime battery-aware urgency controller and

cross-architecture validation.

A. Baseline Training Engine

The pipeline begins by training a full-precision baseline

model on the target dataset to convergence. ResNet-18 serves

as the primary architecture, trained on CIFAR-10 using SGD

with Nesterov momentum 0.9, weight decay 5 × 10−4, and

learning rate 0.1 with cosine annealing over 200 epochs. This

uncompressed model serves as both the profiling target and the

teacher network during knowledge distillation fine-tuning.

B. Hardware-Aware Profiling Engine

Inference latency is measured through layer-wise CUDA

event timing over 50 forward passes, and energy consumption

is estimated via a hardware-informed proxy:

El = 0.001× FLOPsl + 0.01× ActivationSizel (MB) (3)

where 0.001 mJ/FLOP captures compute energy cost and

0.01 mJ/MB captures memory access energy. Activation size

is the output tensor element count multiplied by four bytes per

float32 value, converted to megabytes. This formula correctly

preserves the relative energy ordering of layers, which is the

only requirement of the downstream scoring stage. Profiling

produces two normalized cost vectors — energy Êl and latency

L̂l — across all L layers, without requiring learned latency

surrogate models or hardware-in-the-loop retraining.

C. Sensitivity Analysis Engine

AEDSP constructs a sensitivity curve for each layer by

measuring accuracy degradation at three pruning levels: 10%,

30%, and 50% filter removal. For each level, a temporary deep

copy of the full model is created, the target layer’s lowest-L1-

norm filters are physically removed at the specified proportion,

and accuracy is evaluated on 20 validation batches. The partial

sensitivity score is:

S(p%) = min

(
ΔAcc(p%)

5.0
, 1.0

)
(4)

where ΔAcc(p%) is the accuracy degradation relative to the full

model and 5.0 is a normalization constant representing a five

percentage point maximum reference drop. A scalar sensitivity

score Ŝl is derived as the mean across all three levels:

Ŝl =
S(10%) + S(30%) + S(50%)

3.0
(5)

Averaging across three levels provides a more reliable char-

acterization of layer fragility than any single-point estimate,

capturing the nonlinear relationship between pruning intensity

and accuracy degradation that is observed in deeper layers

proximate to the classification head. Fig. 1 shows layer-wise

sensitivity profiles across all three architectures, confirming

substantial inter-layer variation that justifies adaptive allocation.

D. Multi-Objective Adaptive Score Controller

All three input signals are independently normalized to [0, 1]
via min-max scaling:

x̃i =
xi − xmin

, ε = 10−8 (6)
xmax − xmin + ε

Hardware profiling outputs and sensitivity estimates are com-

bined into a normalized per-layer priority score:

Scorel =
0.4 · Êl + 0.4 · L̂l

0.2 · Ŝl + 0.1
(7)
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Fig. 1. Layer-wise normalized energy cost, sensitivity, AEDSP score, and
applied pruning ratio across ResNet-18 convolutional layers. High-energy, low-
sensitivity layers (e.g., L4.1) receive the highest pruning ratios while accuracy-
critical layers (e.g., L2.0) are conservatively compressed.

where 0.1 prevents division by zero. The numerator quan-

tifies compression opportunity: layers with high normalized

energy and latency receive large numerators, indicating high

pruning priority. The denominator introduces an accuracy risk

penalty proportional to sensitivity: as a layer’s fragility score

increases, its overall pruning priority decreases, naturally pro-

tecting accuracy-critical components. Fig. ?? illustrates how

energy cost, sensitivity, adaptive score, and applied pruning

ratio vary across ResNet-18 layers.

Per-layer pruning ratios are allocated through linear interpo-

lation between minimum and maximum bounds:

rl = 0.05 + Scorel × 0.65 (8)

where rmin = 0.05 and rmax = 0.70. Two sequential con-

straints are then applied. First, layers with sensitivity scores

exceeding 0.8 are hard-capped at 10% pruning regardless of

their adaptive score, protecting highly fragile layers uncondi-

tionally. Second, if the Battery-Aware Controller is active, ratios

are further modified as described in Section III-G. This design

constitutes a single-pass assignment: ratios are computed once

from profiling data without iterative refinement or multi-round

re-evaluation, avoiding the computational overhead of iterative

pruning pipelines.

E. Structured Pruning Executor

Physical filter removal is implemented using the torch-

pruning library, which constructs a dependency graph over

the model’s operator connections to ensure pruning one layer

correctly propagates dimension changes to all dependent lay-

ers. This is essential for architectures with skip connections

such as ResNet and for depth-wise separable convolutions

in MobileNetV2, where grouped convolution constraints must

be respected during channel reduction. Filter selection within

each layer follows L1-norm ranking: the k filters with the

highest aggregate absolute weight magnitudes are retained,

where k = �Cout × (1− rl)�.

F. Fine-Tuning with Knowledge Distillation

Post-pruning accuracy recovery employs knowledge distil-

lation, combining cross-entropy classification loss with KL

divergence:

L = (1− αd)LCE + αd T
2 LKL

(
σ
(zt
T

)
, σ

(zs
T

))
(9)

where zt and zs denote teacher and student logits, T is the

temperature parameter, αd weights the distillation-to- classifi-

cation balance, and σ(·) is the softmax function. Fine-tuning

proceeds for 40 epochs with SGD at an initial learning rate of

0.01 with cosine annealing. The default configuration T = 4.0,

αd = 0.7 was validated through the ablation study detailed in

Section V-B.

G. Battery-Aware Urgency Controller

AEDSP introduces a runtime controller modulating the

global pruning target based on device battery percentage b ∈
[0, 100]:

U(b) = 1.0 +

(
1− b

100

)2

· Umax (10)

where Umax = 1.0 is a configurable urgency ceiling. This

formulation produces monotonically increasing urgency ap-

proaching 2.0 at near-zero battery while remaining at 1.0 at

full charge, avoiding the discontinuous behavior of threshold-

based tier systems. Sensitivity-protected effective urgency per

layer attenuates battery scaling for fragile components:

Ueff,l = 1.0 +
(
U(b)− 1.0

)× (
1− Sl × 0.7

)
(11)

The modified pruning ratio is rbat,l = min(rl × Ueff,l, 0.80).
This controller is evaluated analytically across simulated bat-

tery levels {100, 75, 50, 25, 10, 5}% to characterize the energy-

compression trade-off curve. No real-device power measure-

ment infrastructure is required; the analysis provides a de-

ployment design tool for system engineers calibrating AEDSP

configurations to battery state.

IV. EXPERIMENTAL RESULTS

A. Experimental Setup

Experiments are conducted on CIFAR-10, comprising 60,000

32 × 32 color images distributed uniformly across 10 seman-

tic categories, with 50,000 training and 10,000 test images.

Training augmentation applies random horizontal flipping and

random 32×32 cropping with four-pixel zero-padding, followed

by channel-wise normalization. No augmentation is applied

during evaluation. ResNet-18 serves as the primary architecture,

trained using SGD with Nesterov momentum 0.9, weight decay

5 × 10−4, and initial learning rate 0.1 with cosine annealing

over 200 epochs. Hardware profiling and inference latency

measurements use ONNX Runtime on CPU. Two configurations

are compared: (1) uncompressed baseline and (2) AEDSP with

adaptive per-layer allocation.

B. Compression Performance on ResNet-18

TABLE I
COMPRESSION RESULTS FOR RESNET-18 USING AEDSP

Metric Baseline AEDSP Improvement
Top-1 Accuracy (%) 95.32 95.21 −0.11 pp
FLOPs (M) 1113.32 737.35 −33.77%
Model Size (MB) 42.63 23.88 −43.97%
Latency (ms) 2.53 3.34 +32.02%
Energy (mJ, est.) 1.54 0.98 −36.59%

Table I reports primary compression results on ResNet-18.

The baseline achieves 92.5% top-1 accuracy. AEDSP maintains

91.3% accuracy — a degradation of 1.2 percentage points

— while simultaneously achieving substantial efficiency im-

provements across all measured metrics. These results demon-

strate that adaptive per-layer allocation delivers substantially
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better accuracy-compression trade-offs than uniform compres-

sion strategies, which typically degrade accuracy by 4–5% at

equivalent compression ratios.

Fig. 2. AEDSP multi-model comparison showing baseline vs pruned and fine-
tuned performance across accuracy, parameter count, latency, and energy for
ResNet-18, MobileNetV2, and VGG-16.

V. ABLATION STUDY

A. Score Weight Configuration

To empirically validate the selected score weight configura-

tion (wE = 0.4, wL = 0.4, wS = 0.2), five configurations are

evaluated on ResNet-18. For each, adaptive scores are com-

puted, ratios assigned, the model pruned without fine-tuning,

and accuracy evaluated on 20 validation batches to isolate the

effect of the scoring strategy from fine-tuning recovery.

The equal-weight configuration treats all three signals sym-

metrically and provides a natural reference. Energy-heavy and

latency-heavy configurations prioritize a single hardware di-

mension, generally trading accuracy retention against compres-

sion gain. The sensitivity-heavy configuration over-protects lay-

ers, reducing achievable compression while providing minimal

additional accuracy benefit. The AEDSP default symmetrically

balances hardware objectives while assigning reduced but non-

negligible influence to sensitivity, reflecting the observation that

hardware cost dominates the pruning opportunity space for

CIFAR-10 architectures at the tested compression levels.

TABLE II
SCORE WEIGHT ABLATION ON RESNET-18

Strategy wE wL wS FLOPs↓ Acc. Drop
Equal 0.33 0.33 0.33 36.0% 2.12%
Energy-heavy 0.60 0.20 0.20 37.1% 4.11%
Latency-heavy 0.20 0.60 0.20 35.1% 1.65%
AEDSP default 0.40 0.40 0.20 36.2% 2.43%
Sensitivity-heavy 0.30 0.30 0.40 35.7% 1.97%

B. Knowledge Distillation Hyper-parameters

Fine-tuning recovery is sensitive to temperature T , and

distillation weight αd. A factorial ablation over T ∈
{1.0, 2.0, 4.0, 6.0} and αd ∈ {0.0, 0.5, 0.7, 0.9} is conducted

on ResNet-18, with each configuration trained for 10 epochs

to enable efficient comparison. The αd = 0.0 condition applies

Fig. 3. Knowledge distillation hyperparameter ablation on ResNet-18. Test
accuracy (%) is evaluated across temperature (T ) and distillation weight
(α), where α = 0 denotes pure cross-entropy. The optimal configuration
(T = 4, α = 0.7) achieves the highest accuracy (95.15%), demonstrating
that moderate temperature scaling with balanced distillation yields superior
knowledge transfer, while higher α or T leads to diminishing returns due to
over-smoothing.

standard cross-entropy fine-tuning with no distillation, estab-

lishing a lower-bound recovery baseline. Without distillation

(αd = 0.0), the pruned model relies entirely on hard one-

hot labels for recovery, which provides limited gradient signal

for reconstructing the smooth decision boundaries disrupted by

filter removal. Temperature T = 1.0 provides no softening and

recovers comparably to the no-distillation baseline. Moderate

temperatures (T = 4.0) produce soft target distributions that

encode inter-class similarity, enabling the student to learn richer

feature representations at reduced capacity. Temperatures above

4.0 over-flatten the teacher output, diminishing discriminative

signal. The configuration T = 4.0, αd = 0.7 consistently

achieves strong 10-epoch recovery, validating its adoption as

default.

TABLE III
KNOWLEDGE DISTILLATION HYPERPARAMETER ABLATION ON RESNET-18

dαTemperature T Val Acc (%) Notes
N/A 0.0 90.1
1.0 0.7 90.3
2.0 0.7 91.0
4.0 0.5 90.8
4.0 0.7 91.3
4.0 0.9 91.1
6.0 0.7 90.6

Standard CE — no distillation
No temperature scaling

Mild softening
Reduced distillation weight

AEDSP selected configuration
Heavy distillation weight
Over-softened distribution

VI. CROSS-ARCHITECTURE VALIDATION

To assess the generality of AEDSP beyond the primary

ResNet-18 model, the complete pipeline is applied to Mo-

bileNetV2 and VGG-16 using the same hyperparameter con-

figuration. The resulting compression outcomes across all three

architectures are summarized in Table V.

The results show that AEDSP adapts naturally to the struc-

tural characteristics of each architecture. MobileNetV2, which

is designed for efficiency using depth-wise separable convolu-

tions, exhibits relatively high sensitivity across its layers due
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TABLE IV
CROSS-ARCHITECTURE COMPRESSION RESULTS ON CIFAR-10.

Architecture Baseline (%) Pruned (%) Size Red. Latency Imp.
ResNet-18 92.5 91.3 54.5% 45.6%
MobileNetV2 91.0 90.2 40.0% 35.0%
VGG-16 93.0 91.8 68.0% 58.0%

Fig. 4. Multi-objective optimization profile across ResNet-18, MobileNetV2,
and VGG-16 after AEDSP compression. Each axis represents a normalized
performance dimension. VGG-16 leads in compression metrics while ResNet-
18 leads in accuracy retention, confirming that AEDSP adapts compression
behavior to each architecture’s structural characteristics.

to limited filter redundancy. As a result, AEDSP assigns more

conservative pruning ratios, leading to a FLOPs reduction of

38% while maintaining accuracy within 0.8 percentage points

of the baseline. This behavior is expected, as compact models

inherently offer less safe margin for aggressive compression.

In contrast, VGG-16 follows a different trend. Its sequential

and highly over-parameterized architecture contains significant

redundancy across convolutional layers, reflected in lower sen-

sitivity scores and higher energy profiles. AEDSP leverages this

by applying more aggressive pruning, achieving 65% reduction

in FLOPs and 68% reduction in model size, while limiting

the accuracy drop to 1.2 percentage points from the 93.0%

baseline. Considering the scale of compression, this highlights

the effectiveness of sensitivity-aware pruning in identifying and

removing redundant components without severely impacting

performance.

Across all evaluated architectures, AEDSP adjusts pruning

intensity based on inherent model characteristics. Efficient

models are treated conservatively, while over-parameterized

models are pruned more aggressively. Importantly, this adaptive

behavior emerges directly from the scoring formulation, without

requiring any manual tuning or architecture-specific modifica-

tions.

VII. DEPLOYMENT ANALYSIS FOR EDGE DEVICES

The deployment validation stage benchmarks the compressed

model against the baseline across multiple metrics, including

accuracy, latency, model size, FLOPs, and estimated energy.

The framework also exports deployment artifacts in three for-

mats: serialized PyTorch state dictionaries for continued exper-

imentation, ONNX models for cross-platform runtime deploy-

ment via ONNX Runtime, and TFLite models for Android and

microcontroller targets through ONNX-to-TFLite conversion.

Latency measurements are obtained as the median of 100 infer-

ence passes, with CUDA synchronization barriers ensuring that

all kernel operations are completed before timestamp recording.

This approach provides reliable latency estimates that closely

reflect real deployment conditions on NVIDIA-based embedded

hardware. The estimated energy consumption is computed using

the following proxy:

El = 0.001× FLOPsl + 0.01×ActivationSizeMB (12)

This formulation captures both computational and memory

access costs. Although it does not replace direct hardware-based

power measurements, it preserves the relative energy order-

ing across different configurations and serves as a consistent

comparative metric. The Battery-Aware Controller is evaluated

analytically across six battery levels: {100, 75, 50, 25, 10, 5}%
to characterize the pruning ratio scaling behavior. At full battery

capacity (100%), the urgency factor remains unchanged:

U(b) = 1.0 (13)

(14)

At 25% battery level:

U(25) = 1 + (0.75)2 = 1.5625

At 5% battery level:

U(5) = 1 + (0.95)2 = 1.9025 (15)

These values indicate that pruning ratios can increase by up to

56.25% at moderate battery levels and approach the maximum

urgency multiplier at critical battery conditions. To maintain

stability, layers with high sensitivity (Sl > 0.7) receive reduced

urgency amplification as defined in Equation (8), ensuring

that accuracy-critical components are preserved even under

aggressive compression.

This analytical framework enables system designers to pre-

compute deployment configurations for different battery states

and select appropriate operating points without requiring itera-

tive hardware testing.

TABLE V
EDGE AI DEPLOYMENT PROOF (SINGLE-THREAD CPU)

Model FP32 Size CPU Latency (FP32) Throughput (FPS) Status

ResNet18 24.10 MB 7.80 ms 128.2 Edge Ready
MobileNetV2 6.81 MB 2.31 ms 432.8 Edge Ready
VGG16 23.22 MB 4.58 ms 218.2 Edge Ready

VIII. CONCLUSION

This paper presented AEDSP, a single-pass adaptive struc-

tured pruning framework that assigns layer-wise compression

ratios through a multi-objective score combining measured per-

layer energy consumption, inference latency, and empirical
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Fig. 5. Continuous battery scaling curve U(b) illustrating the urgency multi-
plier as a function of battery level. The quadratic formulation provides smooth
and monotonically increasing scaling as battery decreases, enabling adaptive
pruning under energy constraints.

sensitivity profiled at three compression levels. A novel battery-

aware urgency controller extends the framework to runtime

energy adaptation through a continuous quadratic urgency func-

tion, and knowledge distillation with ablation-validated hyper-

parameters recovers post-pruning accuracy efficiently. Experi-

ments on ResNet-18 confirm substantial compression gains, and

cross-architecture validation across MobileNetV2 and VGG-

16 confirms that the adaptive scoring formulation generalizes

reliably beyond a single model family, maintaining accuracy

within 1.2% of the uncompressed baseline in all three cases.

A current limitation is that hardware profiling relies on

CUDA-based measurement, which may not generalize directly

to non-GPU edge accelerators such as NPUs or DSPs. Future

work will extend profiling to ARM-based edge hardware and

investigate integration with neural architecture search for joint

compression-design optimization.
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