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ABSTRACT

Deploying deep convolutional neural networks (CNNs) on edge devices requires
balancing model accuracy and computational efficiency. While structured prun-
ing limits inference costs by removing redundant filters, most methods apply a
rigid, global criterion, ignoring the distinct representational roles of individual
layers. This yields suboptimal results, especially under aggressive compres-
sion where over-pruning degrades performance. To address this limitation, we
propose an adaptive structured pruning framework based on genetic algorithms
(GAs) that jointly optimizes layer-wise pruning ratios and strategies. Each layer
independently selects between min-importance and median-rank pruning, en-
abling the exploration of tailored strategy combinations. A training-free taylor-
based proxy fitness function ensures efficient candidate evaluation without re-
peated fine-tuning. After fine-tuning the selected architecture, experiments on
VGG16 demonstrate that our method achieves 92.78 ± 0.28% accuracy (over 50
independent runs) with a 70.0 ± 3.2% MACs reduction on CIFAR-10, and main-
tains 71.82% accuracy on CIFAR-100. These results demonstrate competitive
performance compared to existing pruning methods while achieving substantial
computational cost reduction.
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1. INTRODUCTION
In the era of ubiquitous artificial intelligence, deep convolutional neural networks (CNNs) drive state-

of-the-art computer vision systems. However, popular architectures like VGG16 [1] and ResNet [2] demand
billions of floating-point operations (FLOPs) and millions of parameters per inference. This mismatch between
modern deep model complexity and the limited resources of edge device constitutes a critical deployment
bottleneck [3]-[5].

To address these constraints, structured pruning (filter or channel pruning) has emerged as a prominent
model compression technique. By physically eliminating redundant filters, it directly reduces memory footprint
and inference latency on general-purpose hardware without specialized sparse computation support [6].

Despite its potential, current structured pruning faces two primary limitations. First, most methods
utilize rigid heuristic strategies (e.g., L1-norm [7]) or uniform pruning ratios globally. This ignores diverse layer
roles—shallow layers capture low-level textures, while deeper layers encode semantic abstractions—causing
suboptimal feature preservation. Second, evaluation inefficiency plagues automated frameworks like AMC [8],
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which require computationally prohibitive fine-tuning to evaluate candidates. Furthermore, aggressive global
compression can completely eliminate filters in certain layers, causing layer collapse and emphasizing the need
for adaptive pruning decisions.

To overcome the constraints of fixed global criteria, we address adaptive layer-wise strategy selection
as a largely underexplored area. We propose an adaptive structured pruning framework based on genetic algo-
rithms (GAs) [9]. Our method introduces a layer-wise hybrid strategy space, enabling each layer to indepen-
dently select between min-importance pruning and median-rank pruning. The pruning process is formulated as
single-objective and multi-objective optimization problems, explicitly balancing accuracy, MACs, and model
size. To bypass costly fine-tuning, candidate architectures are evaluated using a training-free taylor-based proxy
fitness function derived from pre-computed first-order importance scores.

The main contributions are:
− A novel layer-wise hybrid search space: we introduce a dual-variable space that jointly optimizes pruning

ratios and strategies (min-importance vs. median-rank) per layer, unlike conventional methods confined to
optimizing ratios under a fixed criterion.

− Topology-preserving constrained optimization: we frame pruning as a constrained multi-objective problem,
enforcing structural constraints across the decoding and fitness evaluation phases to maintain topological
connectivity and prevent layer collapse under aggressive compression.

− Adaptive strategy discovery: our framework autonomously identifies hybrid strategies balancing efficiency
and feature preservation. Over 50 independent runs, the multi-objective variant achieved 92.78 ± 0.28%
accuracy while reducing MACs by 70.0 ± 3.2%.

To our knowledge, this work is among the first pruning frameworks that jointly optimize layer-wise
pruning ratios and pruning strategies using evolutionary multi-objective optimization.

2. RELATED WORK
2.1. Structured pruning for efficient deep networks

Among various model compression techniques, structured pruning has gained particular attention for
edge deployment [6], [10] because it physically removes redundant filters or channels, achieving direct re-
ductions in memory footprint and inference latency on general-purpose hardware without requiring sparse
computation support.

A central challenge in structured pruning is identifying redundant or unimportant filters. Early ap-
proaches relied on heuristic metrics such as weight magnitude, with L1-norm pruning [7] assuming that filters
with small weights contribute less to model performance. Subsequent works proposed data-driven criteria to
better capture feature redundancy. ThiNet [11] prunes filters based on statistics from the next layer, while net-
work slimming [12] leverages channel-wise scaling factors from batch normalization. FPGM [13] introduces
a geometric median-based criterion for filter selection. For example, HRank [14] measures the rank of feature
maps to estimate filter importance, while Molchanov et al. [15], [16] introduced a theoretically grounded cri-
terion based on the first-order taylor expansion of the loss function, approximated by the product of activation
and gradient magnitude.

Despite theoretical advances such as the Lottery Ticket Hypothesis [17] and pruning at initialization
[18], and the observation by Liu et al. [19] that pruned architectures can be retrained from scratch with compet-
itive performance, most existing pruning methods still apply importance criteria in a greedy or globally uniform
manner, ignoring that different layers require distinct preservation strategies.

2.2. Automated pruning via search
To avoid manual tuning of per-layer pruning ratios, recent studies have explored automated

pruning frameworks based on search or optimization. AMC [8] formulates structured pruning as a reinforce-
ment learning problem, where an agent learns layer-wise compression ratios. While effective, AMC relies
on fine-tuning-based reward evaluation, resulting in substantial computational cost. ABCPruner [20] further
models channel pruning as an optimization-based structure search problem, enabling flexible exploration of the
pruning space. Similarly, Feng et al. [21] propose a task-driven sparsity approach that automatically learns
layer-wise pruning rules via a differentiable search mechanism, reducing the reliance on manually designed
criteria.
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To reduce evaluation cost, proxy-based methods have been proposed. EagleEye [22] estimates sub-
network accuracy without full training by leveraging adaptive batch normalization statistics, significantly accel-
erating the search process. MetaPruning [23] uses meta-learning to generate pruned network weights directly,
while once-for-all (OFA) [24] trains a single super-network that can be specialized for diverse deployment
scenarios. Efficient network design has also been advanced by architectures such as MobileNetV2 [25] and
EfficientNet [26], which incorporate efficient building blocks. Despite these advances, most automated prun-
ing methods primarily focus on optimizing how much to prune per layer, while implicitly assuming a fixed
pruning criterion (e.g., L1-norm) throughout the network.

Moreover, prior evolutionary approaches typically formulate pruning as a single-objective problem
(e.g., maximizing accuracy under a FLOPs constraint). While recent works have begun exploring multi-
objective evolutionary pruning [27], [28], these methods primarily search for pruning ratios under a fixed,
globally uniform criterion. In contrast, our work employs multi-objective optimization (MOO) to jointly
explore both pruning ratios and per-layer pruning strategies, explicitly trading off accuracy, efficiency, and
model size.

2.3. Gap analysis and motivation
Despite recent advances in automated pruning, existing methods still face limitations in both the design

of the pruning search space and the efficiency of candidate evaluation during the search process.
− Rigidity of global pruning criteria: while automated frameworks like AMC [8] and ABCPruner [20] can

search for distinct layer-wise ratios, they typically rely on a globally uniform pruning criterion across all
layers. Such a uniform pruning criterion may not fully account for the heterogeneous representational roles
of shallow and deep layers. Consequently, the search process often focuses primarily on optimizing how
much to prune, while the choice of how to prune is usually predefined.

− High search latency and evaluation challenges: evolutionary and reinforcement learning-based pruning
methods often incur high computational costs due to repeated fine-tuning or validation cycles. Proxy-based
strategies, such as EagleEye [22], mitigate this burden by estimating sub-network performance without full
retraining. However, these approaches typically require a calibration phase to recompute batch normaliza-
tion statistics through several forward passes on a calibration set for each candidate sub-network. While
relatively lightweight, this additional step can introduce non-negligible cumulative latency when evaluating
a large population of candidates in extensive search spaces.

Our motivation. These limitations motivate the development of a framework that jointly optimizes
how much to prune and how to prune at each layer. By integrating a hybrid strategy space with a training-
free Taylor-based proxy, we aim to provide an efficient, adaptive, and topology-preserving solution for model
compression.

3. METHOD
To address CNN resource optimization, this study first investigates global pruning strategies to identify

structural limitations, then proposes a GA framework [9] that jointly searches layer-wise pruning ratios and
pruning strategies.

3.1. Preliminary study on global strategies
We empirically evaluate global structured pruning to analyze the impact of filter selection criteria.

The importance score I(fi) for each filter fi in VGG16 relies on the first-order taylor expansion [15], [16].
We evaluated three selection strategies: min-importance prunes lowest-score filters to preserve sensi-

tive features; max-importance prunes highest-score filters (hypothesizing they cause overfitting); and median-
rank preserves filters representing the central tendency

[
⌊N−k

2 ⌋, ⌊N+k
2 ⌋

]
.

Our proposed hybrid strategy balances immediate accuracy with global network integrity. While min-
importance maintains accuracy in high-variance layers, its rigid application in deep, attenuated layers causes
layer collapse. Consequently, median-rank serves as a distributional regularizer, maintaining feature diversity
and topological connectivity. This dual space lets the GA adaptively determine optimal layer-wise trade-offs.

Quantitative analysis of layer-wise score imbalance: To understand the failure of global thresholds
in deep layers, we analyzed the statistical distribution of taylor importance scores across all 13 convolutional
layers of VGG16 (Table 1).
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Table 1. Distribution of taylor scores across all VGG16 convolutional layers
(calculated via a representative pre-computation pass on a CIFAR-10 data batch)

Layer Max score Min score Mean score Std. Dev Attenuation (vs. L00 Peak)
Layer 00 (Conv1 1) 0.5680 0.0001 0.0768 0.0986 1.000 (100.0%)
Layer 01 (Conv1 2) 0.4023 0.0005 0.0956 0.0805 0.708 (70.8%)
Layer 02 (Conv2 1) 0.3023 0.0003 0.0692 0.0550 0.532 (53.2%)
Layer 03 (Conv2 2) 0.3049 0.0006 0.0680 0.0564 0.537 (53.7%)
Layer 04 (Conv3 1) 0.3067 0.0001 0.0474 0.0408 0.540 (54.0%)
Layer 05 (Conv3 2) 0.2568 0.0003 0.0487 0.0392 0.452 (45.2%)
Layer 06 (Conv3 3) 0.2325 0.0001 0.0487 0.0392 0.409 (40.9%)
Layer 07 (Conv4 1) 0.1899 0.0000 0.0334 0.0290 0.334 (33.4%)
Layer 08 (Conv4 2) 0.1840 0.0001 0.0334 0.0289 0.324 (32.4%)
Layer 09 (Conv4 3) 0.1737 0.0000 0.0346 0.0275 0.306 (30.6%)
Layer 10 (Conv5 1) 0.5022 0.0000 0.0291 0.0332 0.884 (88.4%)
Layer 11 (Conv5 2) 0.1570 0.0001 0.0354 0.0265 0.276 (27.6%)
Layer 12 (Conv5 3) 0.0703 0.0256 0.0437 0.0066 0.124 (12.4%)

Empirical data reveals stark variance in feature importance distribution. High-variance layers: early
layers (e.g., Layer 00) and specific intermediate layers exhibit high max-to-mean variance, containing a few
dominating filters with exceptionally high scores (∼0.50–0.57). Signal attenuation: the deepest layer
(layer 12) suffers from extreme score attenuation. Its maximum taylor score (0.0703) is nearly 8× lower
than that of Layer 00, representing a relative attenuation of just 12.4%. Its variance is extremely tight (std =
0.0066), meaning the scores are uniformly distributed near zero.

This severe disparity creates a conflict for global criteria. A modest global retention threshold of 0.10
would catastrophically eliminate every filter in layer 12 (max score = 0.0703), despite its critical high-level
semantic features. This phenomenon, termed layer collapse, exposes the limits of rigid global heuristics and
motivates our adaptive, multi-objective search.

To address this limitation, Figure 1 illustrates the overall workflow of the proposed adaptive GA-based
pruning framework. Figure 2 shows the NSGA-II Pareto front, illustrating the trade-off between compression
and accuracy used to select the optimal pruning solution.

Figure 1. Overview of the proposed multi-objective evolutionary pruning framework. The pipeline consists of
three stages: (1) Pre-computation: filter importance scores are estimated once via Taylor expansion and

cached as a lookup table for training-free proxy evaluation. (2) NSGA-II Search: candidate pruning
policies—each encoding layer-wise pruning ratios and strategies (min-importance or median-rank)—are

evolved and evaluated against three objectives: proxy fitness, MACs, and convolutional parameters.
(3) Decision and deployment: a knee-point solution is selected from the resulting Pareto front and fine-tuned

with knowledge distillation to produce the compact model.
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Figure 2. NSGA-II Pareto front on CIFAR-10 (representative run). Each point is a non-dominated pruning
configuration. The front reveals a clear compression–accuracy trade-off: solutions toward the lower-left

achieve aggressive compression at reduced proxy fitness, while those toward the upper-right preserve higher
fitness at greater parameter cost. The knee point identifies the architecture offering the best balance between

efficiency and accuracy preservation, selected for subsequent fine-tuning.

3.2. Search space and layer-wise adaptive pruning policy
Unlike most existing automated pruning methods that primarily search for pruning ratios, our frame-

work introduces a dual search space that jointly optimizes pruning ratios (how much to prune) and pruning
strategies (how to prune).

Given a CNN with L convolutional layers, each chromosome z represents,

z = [(r1, s1), (r2, s2), . . . , (rL, sL)] , (1)

where rl ∈ (0, 1] denotes the retention ratio of layer l, and sl denotes the selected pruning strategy (min-
importance or median-rank).

We exclude max-importance since removing highly important filters typically leads to severe accuracy
degradation and contradicts standard pruning objectives.

3.3. Taylor-based proxy fitness
Evaluating candidate pruning configurations via fine-tuning is computationally expensive during evo-

lutionary search. To enable efficient evaluation, we employ a taylor-based proxy fitness derived from the
first-order taylor importance criterion [15], [16].

Given a pruning configuration z retaining filters Sl(z) in each layer, the global taylor preservation
ratio is defined as,

PT (z) =

∑L
l=1

∑
i∈Sl(z)

Tl,i∑L
l=1

∑Cl

i=1 Tl,i
(2)

where Cl is the number of filters in layer l. This ratio measures the proportion of taylor importance preserved
after pruning and serves as an efficient proxy for ranking candidate configurations during the evolutionary
search.

For the multi-objective formulation, we use a layer-wise normalized variant to mitigate dominance
from high-importance layers:

Pnorm
T (z) =

1

L

L∑
l=1

∑
i∈Sl(z)

Tl,i∑Cl

i=1 Tl,i
(3)
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3.4. Single-objective fitness formulation
To establish a baseline, we designed a single-objective genetic algorithm (GA-SO) aggregating

objectives into a scalar fitness function:

F (z) = PT (z)− λ1 · ϕ(z)− λ2 · ψ(z)− λ3 · rparam(z) (4)

where PT (z) denotes the taylor-based proxy fitness defined in section 3.3.
The MACs penalty is defined as:

ϕ(z) = max(0, rmac − τ) + β ·max(0, rmac − τ)2 (5)

The structural vulnerability penalty is defined as:

ψ(z) =
∑

l∈Lvuln

max(0, ρ− rl)
2 (6)

In addition to this soft penalty, the full structural safeguard mechanism enforces a hard floor of 10%
retention per layer (with filter counts rounded to multiples of 8 for hardware alignment) during chromosome
decoding. Any solution violating this hard boundary is rejected (F = −∞).

3.5. Multi-objective formulation and taylor-based proxy
Rather than coalescing constraints into scalar fitnesses, we formulate pruning as a multi-objective

optimization problem (MOP):

min
z

F(z) = [facc(z), fmac(z), fparam(z)] (7)

where facc(z) = −PT (z) and PT (z) is the Taylor-based proxy fitness defined in Section 3.3..
To solve (7), we employ the non-dominated sorting genetic algorithm II (NSGA-II) [29]. Individuals

are ranked via non-dominated sorting based on Pareto dominance, where a solution z1 dominates z2 (z1 ≺ z2)
if it is no worse in all objectives and strictly better in at least one. Diversity within each front is maintained
using crowding distance. During evolution, we apply single-point crossover to exchange genes between parent
solutions. Mutation reinitializes ratio genes uniformly within [min ratio, 1.0] and randomly reassigns strategy
genes. The overall optimization procedure is summarized in Algorithm 1.

Algorithm 1 NSGA-II based hybrid structured pruning
1: Input: Pre-computed taylor scores, population size N , generations G.
2: Initialize population P0 with random pruning ratios and strategies.
3: Evaluate objectives F(z) for all z ∈ P0.
4: for t = 0 to G− 1 do
5: Generate offspring Qt via selection, crossover, and mutation.
6: Evaluate objectives for all z ∈ Qt.
7: Merge populations Rt = Pt ∪Qt.
8: Perform non-dominated sorting on Rt to obtain fronts F1,F2, . . . .
9: Construct Pt+1 using fronts and crowding distance.

10: end for
11: Output: Pareto front F1.

Knee point selection. The NSGA-II algorithm produces a Pareto front F1 containing multiple non-
dominated solutions. To obtain a single deployable model, we select the knee point z∗, defined as the solution
minimizing the Euclidean distance to the ideal point in the normalized objective space. This strategy provides
a balanced trade-off between accuracy preservation and resource reduction.

z∗ = arg min
z∈F1

√
f̂2acc(z) + f̂2mac(z) + f̂2param(z) (8)
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4. RESULTS AND DISCUSSION
4.1. Experimental setup

We evaluate our framework on the VGG16 architecture [1] using two benchmark datasets: CIFAR-10
and CIFAR-100 [30]. Baseline accuracy, parameters, and MACs for these datasets are detailed in subsequent
result tables.

The evolutionary search operates with a population size of 50 over 30 generations on a single NVIDIA
RTX 4090 GPU. The entire search process completes in under 15 seconds because taylor importance scores
are pre-computed exactly once. The 1,500 genetic evaluations are performed using these cached ranking tables
via vectorized summation, eliminating iterative fine-tuning during search. Final architectures are fine-tuned for
150 epochs using SGD with knowledge distillation (KD) [31] (T = 4.0, α = 0.9). Full implementation details
are publicly available (see data availability).

4.2. Stability analysis: global vs. adaptive pruning
We first investigate the robustness of different pruning strategies under an extreme compression regime

(targeting < 0.1G MACs). Table 2 compares our adaptive framework with standard global pruning heuristics.
As shown in Table 2, rigid global ranking strategies such as median and max fail under extreme compression,
leading to layer collapse. In contrast, our adaptive GA frameworks consistently identify stable architectures
that remain operable at similar compression levels.

Table 2. Stability comparison at extreme compression (CIFAR-10)
Strategy MACs (G) Params (M) Acc (%) Status
Baseline 0.33 33.65 93.62 -

Global Min 0.07 18.15 92.53 Stable
Global Median - - CRASH Layer collapse

Global Max - - CRASH Layer collapse
Adaptive GA-SO 0.087 23.21 92.33 Stable
Adaptive GA-MO 0.099 ± 0.010 21.77 ± 0.81 92.78 ± 0.28 Stable

4.3. Comparison with structured pruning methods
Table 3 compares our method with representative structured pruning methods that report results on

VGG16/CIFAR-10. As shown in Table 3, L1-Norm and HRank achieve slightly higher absolute accuracy
but operate at substantially lower compression levels (34–54% MACs reduction). ABCPruner [20] reaches a
comparable MACs reduction (73.68%) while retaining higher accuracy (93.08%), as it performs optimization-
based ratio search. However, ABCPruner searches only for per-layer pruning ratios under a fixed criterion.

Table 3. Comparison with representative structured pruning methods on VGG16 (CIFAR-10)
Method Acc (%) Params _ (%) MACs _ (%)
Baseline 93.62 0 0

L1-Norm [7] 93.40 64.0 34.2
HRank [14] 93.43 82.9 53.5

ABCPruner [20] 93.08 88.68 73.68
Ours (GA-SO) 92.33 31.0 73.6
Ours (GA-MO) 92.78 ± 0.28 35.3 ± 2.4 70.0 ± 3.2

By jointly optimizing pruning ratios and strategies, our GA-MO variant achieves 70.0 ± 3.2% MACs
reduction with 92.78 ± 0.28% accuracy across 50 runs; the absolute comparisons should be interpreted cau-
tiously due to differing training protocols. AMC [8], EagleEye [22], and MetaPruning [23] search for per-layer
ratios but do not report VGG16/CIFAR-10 results and require substantially more computation (e.g., EagleEye
∼25 GPU hours vs. our <15 seconds), while our method additionally explores how to prune at each layer.

Under aggressive compression on CIFAR-100 (Table 4), Adaptive GA-MO achieves 71.82% accu-
racy with only a 0.96% drop, outperforming all global baselines Since L1-Norm, HRank, and ABCPruner do
not report results on the VGG16/CIFAR-100 dataset in their original publications, direct comparison with these
methods is not included in Table 4.
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Table 4. Performance comparison on CIFAR-100 (VGG16)
Method MACs (G) Reduct. Acc (%) Drop (%) Params (M) Drop (%)
Baseline 0.33 0.0% 72.78 - 34.02 -

Global Min 0.12 63.6% 69.91 -2.87 22.30 34.5%
Global Median 0.14 57.6% 71.02 -1.76 21.45 37.0%

Global Max 0.10 69.7% 68.57 -4.21 22.11 35.0%
Ours (GA-MO) 0.116 64.8% 71.82 -0.96 22.52 33.8%
Ours (GA-SO) 0.086 73.9% 70.68 -2.10 23.26 31.6%

4.4. Discussion
Our analysis in section 3 shows that layer-wise score imbalance causes global median and max strate-

gies to suffer from layer collapse. Our framework avoids this through layer-wise decision making, learning
local ratios and strategies simultaneously instead of relying on a single global threshold.

Our experiments reveal distinct behavioral differences between the GA variants. The single-objective
formulation (GA-SO), driven by a weighted-sum fitness, converges to a 100% min-importance strategy across
all layers. This greedy behavior maximizes the proxy fitness but limits exploration. In contrast, the multi-
objective formulation (GA-MO) maintains strategy diversity throughout the search, as illustrated in the Pareto
front (Figure 2). Rather than forcing a single threshold, this spread enables selection of architectures tailored
to different hardware constraints.

What is new and why it matters. By introducing a dual-variable search space that simultaneously
optimizes how much and how to prune, our method extends prior automated pruning approaches that search
only for pruning ratios under fixed criteria. This broader search space allows the evolutionary process to
discover pruning configurations that remain stable and avoid layer collapse even under aggressive compression
regimes.

Role of the structural safeguard. An ablation experiment confirms that disabling the safeguard (soft
penalty + hard constraints) does not degrade accuracy, acting as a cost-free safety mechanism. Operationally,
the 8-filter alignment ensures hardware-friendly channel counts, improving MACs estimation consistency,
while the minimum retention floor prevents search regions prone to collapse.

4.5. Proxy fidelity and statistical robustness
To validate proxy reliability, we correlate proxy fitness with post-fine-tuning accuracy across 32 non-

dominated sub-networks from a single NSGA-II Pareto front (each pruned and fine-tuned for 150 epochs with
identical KD settings). The Spearman correlation is ρ = 0.8035 (p = 3.08 × 10−8) and pearson r = 0.8272
(p = 5.32 × 10−9), confirming that the proxy reliably ranks candidates across different compression regimes,
consistent with EagleEye [22].

Over 50 independent runs with different random seeds, the full GA-MO pipeline achieves mean =
92.78%, std = 0.28%, min = 92.01%, max = 93.33%, indicating stable convergence to high-quality solutions
independent of random initialization.

4.6. Limitations
This work introduces limitations warranting future investigation: (i) Architecture scope: a preliminary

evaluation on ResNet-56 (CIFAR-10) yields 90.07 ± 0.88% accuracy at 83.7 ± 1.7% MACs reduction over
88 runs (baseline: 93.44%), suggesting transferability to residual architectures. (ii) Dataset scale: validation is
limited to CIFAR. Larger datasets (e.g., ImageNet) may exhibit distinct pruning dynamics. (iii) Proxy approx-
imation: the taylor proxy relies on a first-order approximation and may miss second-order filter interactions.
(iv) Strategy space: expanding beyond the two current strategies (e.g., geometric-median) may yield
improvements.

5. CONCLUSION
In this paper, we present an adaptive structured pruning framework using a multi-objective evolution-

ary algorithm (NSGA-II) with a layer-wise hybrid strategy. By jointly optimizing pruning ratios and pruning
strategies at each layer, the proposed framework moves beyond rigid global heuristics that apply a single cri-
terion uniformly. The multi-objective formulation enables explicit exploration of trade-offs between accuracy,
computational cost, and model size.

Layer-wise adaptive structured pruning via genetic algorithms with taylor ... (Anh-Truong Vo)



322 ❒ ISSN: 2502-4752

Experimental results on VGG16 show that our method achieves 92.78 ± 0.28% accuracy with 70.0 ±
3.2% MACs reduction on CIFAR-10 while maintaining stable architectures under aggressive compression. On
CIFAR-100, the framework retains 71.82% accuracy with a 64.8% MACs reduction, indicating good general-
ization to more challenging classification tasks.

Proxy fidelity analysis confirms that the Taylor-based proxy reliably ranks candidate architectures
(strong rank correlation), and statistical validation over 50 independent runs demonstrates consistent repro-
ducibility (std = 0.28%). Ultimately, these empirical advantages suggest that the proposed framework holds
significant potential to facilitate robust compression for mobile AI and edge devices, reducing theoretical in-
ference costs while preserving accuracy.

While the framework demonstrates strong empirical advantages on VGG16, a preliminary evaluation
on ResNet-56 suggests transferability to residual architectures. Full validation on larger architectures and
datasets remains as future work.

Future work will focus on: (i) full statistical validation on residual architectures (ResNet-50/ImageNet)
and Transformer-based models; (ii) expanding the strategy search space with geometric or activation-based cri-
teria; and (iii) deploying compressed models on real-world edge devices to measure physical inference latency
and energy efficiency.
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