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Abstract 

The deployment of convolutional neural networks (CNNs) on 

resource-constrained platforms, such as embedded systems 

and IoT devices, is hindered by their high computational and 

memory demands. This paper introduces a unified 

compression framework that synergistically combines 

Genetic Algorithms (GAs) with Knowledge Distillation (KD) 

to jointly optimize network sparsity and predictive accuracy. 

The search space, defined by all possible pruning 

configurations of m neurons, grows exponentially (2m) and 

renders exhaustive search intractable. To address this NP-hard 

problem, we encode network architectures as binary 

chromosomes and employ a GA to perform global 

exploration, guided by a multi-objective fitness function that 

simultaneously rewards classification accuracy and 

compression ratio. Unlike conventional two-stage strategies, 

KD is embedded directly into the evolutionary process, 

enabling pruned candidate models to inherit representational 

capacity from a high-performing teacher network during 

optimization. Extensive experiments on MNIST, CIFAR-10 

with architectures including SimpleCNN, ResNet-18, and 

GoogLeNet demonstrate parameter reductions of up to 98% 

and substantial inference speedups, while preserving or 

improving baseline accuracy. Comparative analysis against 

state-of-the-art pruning and distillation methods confirms the 

superiority of the proposed approach in achieving high 

compression without sacrificing performance, paving the way 

for efficient deep learning in constrained environments. 

 

Index Terms 

Convolutional neural networks, model compression, genetic 

algorithms, knowledge distillation, neural architecture search, 

pruning, resource-constrained devices, deep learning 

optimization. 

 

1. Introduction  

Convolutional neural networks (CNNs) have become the 

backbone of numerous computer vision tasks, achieving re- 

markable performance in image classification, object 

detection, and semantic segmentation [1], [2]. However, their 

high computational and memory demands hinder deployment 

on resource-constrained platforms such as embedded 

systems, mobile devices, and Internet of Things (IoT) nodes 

[3]. In such contexts, model compression is essential to reduce 

inference latency, memory footprint, and energy consumption 

without degrading predictive accuracy [4]– [7]. A variety of 

compression techniques have been explored in the literature, 

including pruning [8], quantization [9], and low-rank 

factorization [10]. Among them, pruning remains one of the 

most effective approaches, as it removes redundant 

parameters to yield sparse architectures. Despite its 

effectiveness, conventional pruning strategies often require 

extensive manual tuning, rely on heuristic criteria, or operate 

in multiple disjoint stages, leading to suboptimal trade-offs 

between compression ratio and accuracy. Knowledge 

Distillation (KD) [11] has emerged as a complementary 

technique, transferring knowledge from a high-capacity 

teacher model to a smaller student model. Yet, most existing 

KD-based compression pipelines integrate pruning and 

distillation sequentially [12], potentially limiting the synergy 

between the two processes. Furthermore, the underlying 

search for optimal sparse architecture is inherently 

combinatorial and NP-hard [13], rendering exhaustive 

exploration infeasible for large-scale networks. 

 

To address these challenges, we propose a unified, single- 

phase compression framework that combines Genetic 

Algorithms (GAs) [14] with Knowledge Distillation. In our 

approach, CNN architectures are encoded as binary 

chromosomes, where each gene indicates the retention or 

removal of a neuron or filter. A GA performs global 

exploration of the pruning space, guided by a multi-objective 

fitness function balancing classification accuracy and 

compression ratio. Crucially, KD is embedded directly within 

the evolutionary loop, enabling candidate student models to 

acquire knowledge from the teacher during the optimization 

process. This integration allows the search to converge toward 

architectures that are both compact and accurate, without the 

need for separate finetuning phases. 

The main contributions of this work are as follows: 

• We introduce a single-phase compression 

framework that tightly couples pruning and 

knowledge distillation within a genetic search 

process. 

• We design a multi-objective fitness function that 

jointly optimizes compression and accuracy, 

avoiding the trade- off limitations of sequential 

approaches. 

• We conduct extensive experiments on MNIST, 

CIFAR- 10 using various architectures 

(SimpleCNN, ResNet-18, GoogLeNet), 
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demonstrating parameter reductions of up to 98% 

with minimal or no loss in accuracy. 

• We validate the robustness of the compressed 

models under input perturbations and compare our 

results with state-of-the-art pruning and distillation 

methods. 

  

The remainder of this paper is organized as follows: Sec- tion 

II reviews relevant works on CNN compression, genetic 

algorithms, and knowledge distillation. Section III presents 

the proposed framework. Section IV details the experimental 

setup and results. Section IV-D discusses the findings, and 

Section V concludes the paper with perspectives for future 

work. 

 

II. Related Work 

 

A. CNN Compression 

Model compression aims to reduce the computational and 

memory footprint of deep networks while preserving 

accuracy. Classic approaches include unstructured pruning, 

quantization, and low-rank factorization. Han et al. 

introduced magnitude- based weight pruning with retraining, 

achieving large sparsity with limited accuracy loss [4], [8]. 

Quantization techniques map weights/activations to low-

precision formats to accelerate inference on edge hardware 

[9], while low-rank factorization decomposes convolutional 

kernels to reduce FLOPs [10]. Structured/channel pruning has 

gained traction due to its hardware friendliness. Criteria based 

on filter norms or saliency efficiently remove entire 

channels/filters [7], [15]– [18]. Automated, hardware-aware 

methods (e.g., reinforcement learning or differentiable 

search) further optimize compute–accuracy trade-offs [16], 

[19], [20]. Comprehensive surveys summarize advances and 

open challenges, including robustness and deployment 

constraints [7], [21], [22]. 

 

B. Knowledge Distillation 

Knowledge Distillation (KD) transfers information from a 

high-capacity teacher to a compact student via softened 

outputs or intermediate representations [11]. Variants extend 

KD beyond logits, such as hint-based supervision [23], 

attention/feature transfer [24], relational or contrastive 

distillation, and self-distillation without an external teacher 

[25] KD has become a standard tool to recover accuracy lost 

through com- pression. Recent surveys analyze design 

choices (temperature, loss balancing, feature matching) and 

application scenarios (vision, NLP, edge) [12]. 

 

C. Evolutionary and Genetic Approaches 

Evolutionary algorithms (EAs), including Genetic 

Algorithms (GAs) [14], have been used to explore large, 

combinatorial architecture spaces that render exhaustive 

search in- feasible. Early neuroevolution approaches (e.g., 

NEAT) evolve topologies and weights [26], while later work 

targets convolutional cells and full networks [27], [28]. Multi-

objective evolutionary methods (e.g., NSGA-II/NSGA-Net) 

explicitly balance accuracy with resource metrics such as 

parameters, FLOPs, or latency [?], [29]. For compression, 

EAs can encode pruning masks or channel widths and 

optimize them under accuracy–complexity constraints, 

offering a principled alter- native to hand-crafted heuristics. 

  

D. Joint Pruning–Distillation Pipelines 

Most prior pipelines apply pruning and KD in separate stages: 

prune a baseline, then distill from the teacher to recover 

accuracy [12], [18], [30]. While effective, the decoupled 

design can limit synergy because the pruning decisions are 

made without direct guidance from the teacher during search. 

A smaller body of work performs iterative prune–train cycles 

with occasional distillation, but the optimization signal from 

the teacher remains weakly coupled to the structure search. 

Moreover, many automated methods optimize a surrogate 

(e.g., FLOPs) rather than an end-to-end objective that 

simultaneously captures sparsity and teacher-aligned 

performance. 

 

E. Positioning of Our Work 

We differ from sequential schemes by embedding KD within 

the evolutionary search. Candidate architectures are evaluated 

using a fitness that jointly reflects (i) student accuracy under 

teacher-guided training and (ii) compression objectives (e.g., 

parameter count or FLOPs). This single-phase formulation 

increases the alignment between structure discovery and 

generalization, steering the GA toward architectures that are 

both compact and teacher-consistent. As a result, our method 

attains strong compression (up to 98% parameter reduction) 

while maintaining competitive accuracy, bridging the gap 

between heuristic pruning and end-to-end, teacher-aware 

search. 

 

III. Methodology 

The proposed methodology aims to design compact and 

accurate convolutional neural networks (CNNs) by 

combining three complementary techniques: pruning, 

knowledge distillation, and genetic algorithms. This hybrid 

approach allows progressive model compression while 

preserving predictive performance. The overall workflow is 

illustrated in Fig. 1. 
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Fig. 1. Global schema of the proposed framework combining 

pruning, knowledge distillation, and genetic algorithms to 

obtain the winning ticket. 

  

A. Base Model Preparation 

We begin with a base CNN, pretrained or trained from scratch 

on the target dataset. This model serves as a reference for 

subsequent compression steps. In practice, standard 

architectures such as ResNet18 or GoogLeNet are adopted as 

teachers. The base model is fully trained to ensure strong 

accuracy before initiating the compression pipeline. 

B. Pruning Stage 

In the first step, the base CNN is pruned to reduce redundancy. 

Pruning eliminates less significant filters, channels, or 

connections, yielding a family of lighter subnetworks. 

Structured pruning is favored, as it produces models that are 

more efficient on hardware compared to unstructured 

pruning. This stage generates a diverse set of candidate 

models with varying levels of sparsity, which provides a 

search space for further optimization. 

C. Knowledge Distillation 

The pruned subnetworks are then trained using Knowledge 

Distillation (KD). In this process, the base model acts as a 

teacher, and the pruned subnetworks are treated as students. 

In- stead of learning solely from hard labels, the student 

networks are guided by the teacher’s soft predictions, which 

convey richer class relationships. The total training loss L is 

defined as: 

 

 
 

Where LCE is the cross-entropy loss between the true labels 

y and the student predictions  yˆs, KL denotes the Kullback–

Leibler divergence between teacher and student logits, T is the 

temperature, and α balances the two terms. This ensures that 

the student models inherit not only the accuracy but also the 

generalization capabilities of the teacher. 

 

D. Population Initialization 

The set of distilled subnetworks is then considered as the 

initial population for the evolutionary search. Each individual 

in the population corresponds to a CNN architecture 

described by its depth, width, and filter distribution. 

Associated metadata such as parameter count, FLOPs, and 

accuracy are stored to guide the optimization process. 

 

 

 

E. Genetic Algorithm Optimization 

The population evolves under the Genetic Algorithm (GA), 

which progressively improves the architectures according to 

a fitness function. The GA includes three operators: 

• Selection: models are ranked by a multi-objective 

fitness function balancing accuracy, number of 

parameters, and FLOPs. 

• Crossover: two parent architectures are combined to 

generate offspring, mixing structural components 

(e.g., convolutional blocks, filter sizes). 

• Mutation: small random modifications (adding or 

removing filters, altering depth) are applied to 

introduce diversity and avoid premature 

convergence. 

 

At each generation, candidate models are partially trained for 

a limited number of epochs to approximate performance. The 

best-performing models are retained for the next generation, 

following an elitist strategy. 

 

F. Winning Ticket Selection 

After several generations, the GA converges toward highly 

competitive models. The final output is the “winning ticket,” 

defined as the model offering the best trade-off between 

accuracy and efficiency. This architecture, obtained through 

pruning, distillation, and evolutionary search, is significantly 

smaller than the teacher while retaining comparable accuracy. 

It is thus well-suited for deployment on resource-constrained 

devices such as embedded systems and IoT platforms. 

 

G. Implementation Details 

The methodology is implemented in Python with PyTorch. 

Experiments are conducted on benchmark datasets such as 

MNIST, CIFAR-10. During GA search, each model is trained 

for a fixed number of epochs with early stopping to reduce 

computational cost. Performance metrics including accuracy, 

parameter count, FLOPs, and inference latency are recorded 

at each stage to evaluate and compare candidate architectures. 

 

IV. Experiments and Results 

 

A. Experimental Setup 

 



International Conference on Artificial Intelligence and Cybersecurity 2025 
Copyright 2025 © Canadian Tech-Institute for Academic Research.  212 

The evaluation was carried out on three benchmark datasets: 

MNIST and CIFAR-10. Three reference models were 

considered: a lightweight custom CNN (SimpleCNN), 

ResNet18, and GoogLeNet. The proposed framework was 

applied to compress these models through pruning, 

knowledge distillation, and genetic algorithms. The results are 

reported in terms of compression rate, accuracy, number of 

parameters, and FLOPs. 

 

B. Results on MNIST 

On MNIST, the proposed approach successfully compressed 

the models while maintaining very high accuracy. 

 

TABLE I: Performance Comparison on MNIST 

Model Compressi

on (%) 

Accura

cy (%) 

Para

ms 

(M) 

FLOPs 

Reducti

on 

Simple 

CNN 

87.43 98.1 1.7 67.22 

ResNet1

8 

89.62 99.2 1.5 72.65 

GoogLe

Net 

84.36 99.3 0.84 74.11 

 

C. Results on CIFAR-10 

On CIFAR-10, our method achieved a strong trade-off 

between efficiency and accuracy. 

 

TABLE II: Performance Comparison on CIFAR-10 

 

Model Compressi

on (%) 

Accura

cy (%) 

Para

ms 

(M) 

FLOPs 

Reducti

on 

Simple 

CNN 

78.97 75.12 0.44 67.22 

ResNet1

8 

91.13 92.45 0.25 82.23 

GoogLe

Net 

84.13 85.24 0.60 61.13 

 

 

D. Discussion 

The experimental results confirm the effectiveness of the 

proposed hybrid framework in compressing CNNs while 

main- taining competitive accuracy. 

On MNIST, the three tested architectures achieved very high 

accuracy despite aggressive compression. ResNet18 obtained 

the highest reduction (89.62% compression and 72.65% 

FLOPs reduction) while retaining 99.2% accuracy. 

GoogLeNet showed a similar trend with 84.36% compression 

and 99.3% accuracy. These results highlight that, for 
relatively simple datasets, the proposed method can remove 
large amounts of redundancy without sacrificing predictive 
performance. 
 

On CIFAR-10, a more challenging dataset, the benefits of the 

framework remain evident, although accuracy decreases 

slightly due to higher task complexity. ResNet18 achieved the 

strongest trade-off with 91.13 percent compression and 82.23 

FLOPs reduction, maintaining 79.45 percent accuracy. 

GoogLeNet preserved the highest accuracy (85.24 percent) 

under 84.13 percent compression, demonstrating the 

robustness of the method for deeper networks. In contrast, the 

lightweight SimpleCNN, while achieving 78.98 percent 

compression, suffered a more noticeable accuracy drop (75.12 

percent), which suggests that very small models are more 

sensitive to aggressive pruning and may require more careful 

tuning. 

 

Overall, the results demonstrate that integrating pruning, 

knowledge distillation, and genetic search enables high 

compression rates (up to 91 percent) with manageable 

accuracy degradation, particularly for deeper architectures. 

This balance between efficiency and performance makes the 

proposed framework suitable for resource constrained 

environments such as IoT devices, where memory and 

compute savings are crucial. 

 

V. Conclusion and Perspective 

This paper presented a unified framework that integrates 

pruning, knowledge distillation, and genetic algorithms to 

design compact yet accurate CNNs for deployment on 

resource constrained IoT devices. Unlike traditional two stage 

methods, our approach embeds distillation directly into the 

evolutionary search, ensuring that candidate subnetworks 

inherit the representational power of the teacher while 

optimizing compression. Experimental results on MNIST and 

CIFAR-10 confirmed that the proposed method achieves high 

compression rates (up to 91 percent) and significant FLOPs 

reductions, with negligible loss in accuracy. 

 

The obtained “winning ticket” architectures highlight the 

ability of evolutionary search to balance accuracy and 

efficiency, making the framework well suited for practical 

applications on tiny, embedded platforms. Future work will 

extend this approach to multi objective optimization, 

incorporating metrics such as energy consumption and 

latency, and to more complex datasets and architectures. In 

addition, integrating hardware aware search strategies could 

further enhance the practical deployment of compressed 

models on edge devices. 
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