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Abstract – The recent technology progress in deep learning has resulted in significant breakthroughs in image 

classification. Nevertheless, it is a big challenge to run complicated deep neural networks (CNNs) on devices requiring 

minimal resources, such as smart phones or embedded sensors. The standard CNN models are usually too large, they 

demand too much memory, processing power, and have too many unnecessary parameters. This results in them not being 

practical to be used in edge computing applications. Current approaches to reducing the sizes of these models such as 

pruning or quantization tend to use the one-size-fits-all approach. They squeeze all layers in the same way, disregarding 

the fact that certain layers are of more importance to the accuracy of the network as compared to others. This often causes 

a significant decline in performance. We propose AdaLayerNet, which is a novel adaptive CNN architecture, to resolve 

these issues. Its major innovation is the fact that it is smart to allocate computing power and memory across the layers of 

the network depending on their significance. The system keeps the first layers that compute low-level features accurately 

whereas it is more aggressive in the pruning and quantization of subsequent layers, which are not highly significant. All 

these strategies are handled by an integrated optimization framework which makes sure that the complexity of the model 

is cut to the bare minimum without losing its fundamental abilities. To clarify such a process AdaLayerNet contains such 

visualization tools as an architecture ribbon and a layer fingerprint. These give the visual intuitive knowledge of the 

allocation of resources on the various layers. Our tests indicate that AdaLayerNet can be used to achieve a great trade-off 

between accuracy, speed, and memory usage. It offers a feasible and scalable framework to construct high-performance 

CNNs that can execute effectively with edge devices. This framework opens the way to producing smaller, more efficient, 

and interpretable deep learning models by showing the strength of layer-specific optimization. 

 

Keywords – Adaptive Convolutional Neural Networks, Layer-Wise Optimization, Model Compression, Pruning and 

Quantization, Resource-Efficient Deep Learning. 

 

I. INTRODUCTION 

Deep CNNs have become a part of this advancement. They are powerful because they are able to automatically learn 

features out of images and construct complex ideas out of simple ones. The bottom layers perceive primitive forms such 

as edges and textures, and the deeper layers give interpretation of more abstract forms and the whole objects. Although 

these deep CNNs are very powerful, deploying them on devices with limited resources, such as smartphones, edge devices, 

and embedded systems is a giant challenge. Their huge memory requirements, high computation requirements, and large 

number of redundant parameters are their key issues. They not only consume battery life but also prevent the fast real-time 

analysis that is required in most applications [1]. 

 

Motivation 

There is an increasing demand in the accurate and efficient deep learning models, particularly to the devices with low 

processing power and memory. Most popular and high-accuracy networks such as VGG [2], ResNet [3], and DenseNet [4] 
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are not created with resource constraints in mind. Although methods such as pruning and quantization can reduce the size 

of these large networks, they tend to scale back the compression by the same amount to all layers. This generic strategy is 

an issue. It does not appreciate the fact that the first few layers that acquire basic properties are much more important than 

many of the subsequent layers that can be dramatically cut without much effect. Compression of all layers simultaneously 

can cause the model to decrease sharply and the compressed network would be of little use in practice on small devices. In 

order to address this our work proposes a new system that optimizes the network one layer at a time. It is an adaptive 

method that smartly balances processing requirements, accuracy and memory usage. It defends the most valuable initial 

feature-detection layers and vigorously cuts superfluous items of the network. What comes out is a small-scale, expressive 

model, which can be run successfully on hardware, which is resource-constrained [5]. 

 

Problem Statement 

Despite extensive research on model compression and optimization, existing approaches suffer from several critical 

limitations [6-8]: 

• Uniform Pruning and Quantization: Most conventional methods apply the same compression rate and precision 

reduction across all layers, ignoring the heterogeneous contributions of layers to overall network performance. 

• Redundancy in Deeper Layers: Deeper convolutional and fully connected layers often contain overlapping or 

redundant information. Compressing all layers uniformly does not effectively exploit these redundancies, leading 

to suboptimal efficiency gains. 

• Lack of Interpretability: Many optimization frameworks lack intuitive, layer-wise visualization tools, making it 

difficult to understand which layers are critical and how resources are allocated. 

• Trade-Off Between Accuracy and Efficiency: Aggressive compression frequently compromises model accuracy, 

limiting its deployment in real-world applications where high precision is essential. 

To overcome these challenges, there is a need for a novel framework that can dynamically adjust pruning and 

quantization based on layer-specific contribution, preserving essential layers while aggressively compressing redundant 

ones. 

 

Proposed Solution and Novelty 

In this paper, we have proposed AdaLayerNet, an adaptive scheme based on the layer-wise CNN architecture that seeks to 

overcome the limitations mentioned above. AadaLayerNet has made the following major contributions and novelties: 

• Layer-Wise Adaptive Optimization: This algorithm is checked by the functional value of each layer in the network. 

Important layers that are essential in low-level feature extraction are retained with increased accuracy and other less 

important deeper layers and completely connected blocks are selectively compressed. 

• Combined Pruning and Quantization Framework: AdaLayerNet does not separate pruning and quantization; rather 

it uses both methods simultaneously in the same optimization algorithm and thus to guarantee effective use of 

memory and computational resources. 

• Visualization By Layer: The framework gives layer fingerprint and architecture ribbon visualizations giving the 

intuitive understanding of the resource allocation along with the layers that make the largest contribution to the 

performance. 

• Accuracy-Limited Compression: AdaLayerNet trades the size of models and computational resource usage to 

achieve maximum classification accuracy. In the experiments, it is shown that the suggested method has high-

performance rates with considerable decreases in model size and latency. 

This approach has allowed AdaLayerNet to obtain a pragmatic trade-off between performance and efficiency, so that 

it can deploy deep CNNs to hardware-constrained systems with only a loss in accuracy. 

 

Methodological Overview 

AdaLayerNet has an architecture which is based on the standard convolutional block, pooling layer, and fully connected 

block with additional adaptive mechanisms controlling pruning and quantization. The lower levels of convoluting layers 

that carry out low-level feature extraction are retained to be at higher precision whilst the lower levels experience selective 

compression. The significance of each layer is calculated by the combination of its contribution to accuracy and the cost 

of computation, and this is used in the optimization process of each layer. The structure combines such assessments into 

one training cycle and creates a highly efficient, small network. 

• To evaluate the framework, a series of experiments are conducted, including: 

• Layer-wise parameter analysis before and after optimization. 

• Visualization of architecture ribbon and layer fingerprint. 

• Quantitative performance evaluation including accuracy, latency, memory footprint, and pruning ratios. 

• Comparative analysis with baseline and uniform compression models. 

This methodology provides both interpretability and empirical validation, demonstrating the practical benefits of layer-

wise adaptive optimization. 

 

Section Organization 

The remainder of the paper is organized as follows: 
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• Section 2 – Literature Review: Discusses existing CNN optimization techniques, including pruning, quantization, 

and knowledge distillation, and highlights their limitations. 

• Section 3 – Proposed Method: Details the architecture of AdaLayerNet, the adaptive layer-wise optimization 

framework, and the integrated pruning and quantization strategies. 

• Section 4 – Empirical Results and Interpretation: Presents quantitative and qualitative evaluation of the model, 

including parameter distribution, latency analysis, and visualizations such as layer fingerprints and architecture 

ribbon. 

• Section 5 – Conclusion: Summarizes the findings, emphasizes the novelty of AdaLayerNet, and discusses potential 

real-world applications in resource-constrained environments. 

 

II. LITERATURE REVIEW 

The breakthrough of the image classification, object detection and segmentation computer vision tasks is as a result of 

CNNs development. However, as the size and complexity of networks increase, calculations and memory requirements 

also become a significant barrier to deployment, especially on resource limited devices. This has prompted much research 

on network compression, pruning, quantization and optimization methods all of which are aimed at reducing redundancy 

at the cost of performance. This section will analyze the existing prior literature on CNN optimization in detail, their 

strengths, their weakness, and discuss the reason behind the adaptive layer-wise algorithm [9]. 

 

Network Pruning 

Pruning techniques focus on removing redundant weights or filters from CNNs to reduce model size and computational 

overhead [10]. Early methods, such as weight magnitude pruning, eliminate parameters with minimal contribution to the 

output, resulting in sparsity without significant performance loss. Structured pruning approaches, including filter and 

channel pruning, target entire filters or channels, facilitating efficient deployment on standard hardware. Despite these 

advancements, existing pruning methods often adopt uniform compression rates across all layers, ignoring the 

heterogeneous importance of layers. Consequently, critical layers may be over-pruned, while redundant layers remain 

under-optimized, leading to suboptimal performance-efficiency trade-offs [11]. 

 

Quantization Methods 

Quantization reduces memory and computation by lowering the bit-width of weights and activations. Fixed-point and 

dynamic quantization techniques have been widely explored, ranging from 16-bit floating-point down to 4-bit or even 

binary networks. While quantization offers substantial reductions in model size, conventional methods frequently apply 

uniform bit-width across all layers, overlooking the varying sensitivity of different layers. As a result, aggressive 

quantization can degrade accuracy, particularly in early convolutional layers critical for low-level feature extraction [12, 

13]. 

 

Hybrid Approaches 

Recent studies have attempted to combine pruning and quantization to achieve better efficiency-performance trade-offs. 

Methods such as mixed-precision pruning and adaptive quantization attempt to assign layer-specific compression based on 

certain heuristics or sensitivity analysis. However, most existing approaches rely on manual tuning or heuristic rules, 

limiting interpretability and generalizability across architectures. Additionally, visualization and analysis of layer-wise 

contribution are often overlooked, making it difficult to understand how resources are distributed within the network [14, 

15]. 

 

Knowledge Distillation 

Knowledge distillation techniques transfer knowledge from a large “teacher” network to a smaller “student” network. These 

methods reduce model size while attempting to retain accuracy. Although effective in some scenarios, knowledge 

distillation requires pretrained teacher networks and often increases the overall training complexity. Moreover, distillation 

alone does not directly address layer-wise redundancy, which remains a key challenge in large CNNs [16]. 

 

Gap Analysis 

The literature demonstrates that while pruning, quantization, and hybrid techniques provide pathways for network 

compression, significant gaps remain: 

• Uniform treatment of layers ignores the varying importance of early and deep layers. 

• Limited interpretability prevents understanding which layers contribute most to performance. 

• Trade-off between accuracy and efficiency is often manually tuned or heuristically determined, lacking systematic 

layer-wise optimization. 

• Integration of multiple strategies (pruning + quantization) is typically ad-hoc, without a unified framework. 

These limitations highlight the need for a systematic, adaptive, and interpretable approach that evaluates layer 

contribution, dynamically allocates computational resources, and integrates pruning and quantization into a single 

framework. 
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Positioning of AdaLayerNet 

AdaLayerNet addresses the aforementioned gaps by introducing a layer-wise adaptive optimization framework. Unlike 

prior methods, it: 

• Evaluates layer-specific contribution to overall network performance. 

• Applies selective pruning and quantization guided by the importance of each layer. 

• Provides visual interpretability through architecture ribbon and layer fingerprint representations. 

• Optimizes the accuracy-efficiency trade-off under a memory and computational budget constraint. 

By combining these strategies, AdaLayerNet advances the state-of-the-art in CNN compression and optimization, 

offering a practical and scalable methodology for deploying high-performing deep networks in resource-constrained 

environments. 

The existing methods in pruning, quantization, hybrid compression, and knowledge distillation provide valuable 

foundations but fail to address layer-wise adaptive allocation of resources systematically. AdaLayerNet builds upon these 

insights by introducing an integrated, interpretable, and adaptive layer-wise framework, directly tackling the critical 

challenges of redundancy, interpretability, and performance-efficiency trade-offs in modern CNN architectures. The next 

section details the architecture, methodology, and adaptive optimization framework of the proposed model. 

 

III. PROPOSED ADALAYERNET 

AdaLayerNet presents a novel adaptive layer-wise convolutional neural network that balances classification accuracy, 

computational efficiency, and memory usage. Unlike traditional CNN architectures with uniform pruning or quantization, 

each layer is evaluated based on its functional contribution to the overall network. Early convolutional layers, responsible 

for capturing low-level features such as edges and textures, are preserved with higher precision, whereas deeper 

convolutional and fully connected layers undergo aggressive pruning and quantization to remove redundant parameters. 

 

 
Fig 1. Overall Architecture of the Proposed AdaLayerNet Model. 

 

The layer-specific adaptive optimization enables substantial reductions in model size and inference latency while 

maintaining high accuracy. Integration of pruning and quantization strategies within a single training framework ensures 

that critical feature representations are retained, allowing the network to operate efficiently in resource-constrained 

environments. The design of AdaLayerNet demonstrates a practical approach to intelligent CNN architecture, where 

computational and memory resources are allocated dynamically according to the significance of each layer, resulting in a 

compact, high-performing, and interpretable model. 

Fig. 1 illustrates the complete design of AdaLayerNet, highlighting its layer-wise adaptive architecture. The network 

consists of sequential convolutional layers for feature extraction, pooling layers for spatial downsampling, and fully 

connected layers for classification. Every convolutional layer is provided with smart, adaptive methods, that reduce the 

number of active parameters and the accuracy of weights by selective pruning and quantization, depending on the role 

played by the layer in the overall model performance. 

To ensure representational fidelity, early convolutional layers, which extract low-level features like edges and textures, 

are retained with greater accuracy and little pruning. Blocks that are more redundant such as deeper layers and fully 

connected are more aggressively compressed which decreases memory footprint as well as computational cost. The figure 

also highlights the extremity of data flowing through the network, in terms of the input image to the final softmax output, 

which illustrates AdaLayerNet to balance efficiency and accuracy by design due to its adaptive layer-wise approach. 

The fundamental innovation of AdaLayerNet is the layer-wise adaptive optimization, and it is smart enough to trade-

off accuracy, model size and computational efficiency. AdaLayerNet is in contrast to the traditional CNNs which prune or 
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quantize all neurons, and it dynamically checks the contribution of each layer to the overall performance and changes the 

parameters. Formally, the layer importance 𝐼𝑙  for layer 𝑙 is quantified as stated in Equation (1): 

 

 𝐼𝑙 =  𝛼 ⋅ 𝐴𝑙 +  𝛽 ⋅ 𝐹𝑙   (1) 

 

where 𝐴𝑙 represents the normalized accuracy contribution of the layer, 𝐹𝑙 represents the computational cost (FLOPs), 

and 𝛼, 𝛽 are weighting coefficients balancing performance and efficiency. 

To achieve adaptive pruning, the pruning ratio 𝑃𝑙  for each layer is determined using Equation (2): 

 

 𝑃𝑙 =  𝛾 ⋅ (1 − 𝐼𝑙) +  𝛿 ⋅ 𝑅𝑙   (2) 

 

where 𝑅𝑙 measures redundancy in weights via the layer-wise weight variance, and 𝛾, 𝛿 are hyperparameters controlling 

pruning intensity. 

For quantization, the effective bit-width 𝐵𝑙  is dynamically assigned based on layer sensitivity as given by Equation (3): 

 

 𝐵𝑙 =  𝐵{𝑚𝑎𝑥} −  𝜆 ⋅ (1 − 𝐼𝑙)   (3) 

 

where 𝐵{𝑚𝑎𝑥} is the maximum allowable bit-width and 𝜆 controls reduction rate in less critical layers. 

The layer-wise parameter update after pruning and quantization is then formulated suing Equation (4): 

 

 𝑊𝑙
𝑜𝑝𝑡

=  𝑄(𝐵𝑙) ⊙ (1 − 𝑃𝑙) ⊙ 𝑊𝑙   (4) 

 

Where 𝑄(𝐵𝑙) denotes the quantization operator to 𝐵𝑙  bits, ⊙ represents element-wise multiplication, and 𝑊𝑙 are the 

original layer weights. 

The global loss function is augmented to consider layer-wise contributions, ensuring that aggressive pruning does not 

disproportionately degrade performance by Equation (5): 

 

 𝐿{𝑡𝑜𝑡𝑎𝑙} =  𝐿{𝐶𝐸} +  𝜂 ∑ (1 − 𝐼𝑙). 𝑊
𝑙1

{𝑜𝑝𝑡}
𝐿
{𝑙=1}    (5) 

 

where 𝐿{𝐶𝐸} is the standard cross-entropy loss, η balances sparsity regularization. 

Finally, the accuracy-constrained optimization is formally expressed using Equation (6): 

 

 max
𝑊𝑙

𝑜𝑝𝑡
𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 (𝑊𝑙

𝑜𝑝𝑡
) 𝑠. 𝑡. ∑ 𝑃𝑎𝑟𝑎𝑚𝑠 (𝑊𝑙

𝑜𝑝𝑡
) ≤ 𝑀𝑏𝑢𝑑𝑔𝑒𝑡

𝐿
𝑙=1    (6) 

 

The proposed AdaLayerNet introduces an intelligent layer-wise optimization strategy that dynamically balances 

accuracy, computational cost, and memory efficiency. Each layer’s importance is quantified by combining its contribution 

to accuracy and its computational burden, allowing the network to distinguish critical layers from redundant ones. This 

layer-wise importance guides both pruning and quantization, ensuring that layers contributing significantly to feature 

extraction are preserved with higher precision, while less important layers are aggressively compressed. 

     Pruning is formulated as a function of both layer importance and weight redundancy, enabling selective removal of 

parameters in a manner that minimally impacts accuracy. Similarly, quantization is dynamically assigned based on layer 

sensitivity, reducing bit-width in layers with lower importance while maintaining precision where it matters most. The 

optimized weights for each layer are computed by applying pruning and quantization operators simultaneously, producing 

a compact yet effective representation of the network. 

The total training goal amalgamates the conventional cross-entropy loss with an extra layer-wise sparsity regularizer, 

which punishes unnecessary weights more in unimportant layers. This guarantees that a more efficient model will be built 

without loss of vital features representations. Lastly, optimisation is limited to maximise accuracy given a memory budget 

to ensure that the overall number of parameters does not exceed a fixed limit. Collectively, the formulations offer a strict, 

but flexible framework that allows AdaLayerNet to obtain a high-accuracy model, low model size, and minimized latency, 

which is significantly better than the traditional CNN design strategies. 

 

IV. EMPIRICAL RESULTS AND INTERPRETATION 

The empirical analysis is aimed at determining the performance of AdaLayerNet in terms of accuracy, model size, 

computing efficiency, and behavior on a layer-by-layer basis. The findings give a precise explanation regarding the effect 

of adaptive layer-wise optimization to the network outcomes in relation to baseline and uniformly compressed CNN 

models. Quantitative parameters, including the number of parameters, pruning rate, quantization and latency and general 

classification performance are evaluated to demonstrate the efficiency-predictive-ability trade-offs. Such visualizations as 

the layer fingerprint, architecture ribbon, or parameter distribution prior to optimization and after optimization provide a 

representation of the structural evolution of the network, which is easy to understand and interpret, showing how resources 
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are dynamically distributed to maximize the performance and minimize the redundancy. Taken together, this discussion 

creates a broad conceptualization of how the layer specific adaptations can influence the global and local nature of the 

network. 

 

 
Fig 2. Layer Fingerprint – Multi-Metric Polar Signatures. 

 

The Layer Fingerprint visualization provides the overall behavior of all the layers within the proposed CNN architecture 

using various design measures following layer-wise optimization. The polar plot consists of polygons that are each one 

layer and the axes that are the most important parameters determining its usage and effectiveness in the network the number 

of parameters to use, the computational cost of that parameter (LOS) and the percentage of pruning and the number of bits 

used to quantize it and the accuracy contribution. The multi-dimensionality of architectural design reflected by deep 

learning is represented by this integrated radial representation in Fig. 2. The presence of layers taking up a larger and more 

homogeneous polygon implies a balanced trade-off in terms of computational and accuracy measurements, but the 

asymmetry or smaller sizes of shapes indicates selective trade-offs. As an example, convolutional layers that are more 

distant to the input have a higher number of FLOPs and parameters, but middle pruning ratios, i.e. their importance in the 

early feature extraction. On the other hand, lower convolutional and fully connected layers have smaller spreads, which 

suggests harsh compression of pruning and quantization with limited costs to accuracy that indicates effective resource 

redistribution. 

     The difference in visualization between the layers also shows how the proposed layer-wise optimization scheme 

intelligently adjusts the levels of pruning and quantization to each layer depending on its functional significance. The layers 

having high contribution to accuracy are more finely pruned (larger bit-width and reduced pruning), whereas redundant 

layers are more aggressively compacted. This selective approach ensures that the global model maintains high accuracy 

while achieving a substantial reduction in parameters and computational cost. The Layer Fingerprint acts as a diagnostic 

signature for each layer, summarizing how architectural intelligence is distributed throughout the network. It provides an 

intuitive and explainable insight into the design process demonstrating that the optimization is not uniform but context-

aware, guided by the intrinsic characteristics and sensitivity of each layer. 

The Architecture Ribbon provides a compact and visually intuitive summary of how each layer in the optimized CNN 

contributes to the overall architecture after applying the proposed layer-wise optimization strategy as shown in Fig. 3. Each 

coloured segment in the ribbon corresponds to one layer, where the width of the segment is proportional to the number of 

parameters retained after optimization, the color represents the quantization bit width, and the hatch density indicates the 

degree of pruning applied to that layer. 

From the generated output, the initial convolutional layers (Conv1–Conv3) appear relatively wide and are shaded with 

colors corresponding to higher bit widths (typically 7–8 bits) and lighter hatching. This reflects that these early layers, 

responsible for extracting primary edge and texture features, were preserved with higher precision and minimal pruning. 

In contrast, deeper convolutional layers (Conv5–Conv6) and fully connected layers (FC1–FC2) show narrower widths and 
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darker tones, combined with denser hatch lines. This pattern indicates more aggressive pruning and quantization — a 

deliberate reduction of redundancy where the optimization algorithm identified overlapping or low-impact parameters. 

 

 
Fig 3. Architecture Ribbon — Parametric, Quantization, and Pruning Representation. 

 

The horizontal progression of the ribbon clearly conveys how the proposed intelligent architecture design reallocates 

resources dynamically across the network. Rather than uniformly compressing all layers, the optimization strategy 

emphasizes functional sensitivity: preserving representational depth in early layers while achieving efficiency in later, more 

redundant blocks. This results in a balanced architecture that maintains high accuracy while significantly reducing memory 

footprint and computational latency. The Architecture Ribbon serves as a visual narrative of the model’s structural 

evolution, where each layer’s width, color, and texture collectively encode how the network has been intelligently reshaped. 

It transforms quantitative metrics into a single, human-interpretable figure, demonstrating both the efficacy and 

explainability of the proposed layer-wise optimization framework. 

 

  
Fig 4. Before Layer-Wise Optimization — Parameters Per Layer. 

 

The Before: Parameters per Layer visualization represents the baseline configuration of the CNN prior to applying any 

optimization as depicted in Fig. 4. Each bar corresponds to a specific layer, and its height indicates the total number of 

learnable parameters within that layer. From the plotted results, it is evident that the parameter distribution is highly uneven 

across layers, with a noticeable concentration in the deeper convolutional and fully connected stages. 

In particular, the later convolutional layers (Conv5 and Conv6) and the fully connected blocks (FC1 and FC2) dominate 

the total parameter count, reflecting their dense connectivity and large receptive fields. This imbalance illustrates a common 

issue in conventional CNN architectures — redundant parameter accumulation in deeper layers that contributes only 

marginally to feature diversity. On the other hand, the initial convolutional layers (Conv1–Conv3) maintain relatively 

smaller parameter footprints, as they operate on low-level spatial features such as edges, corners, and textures. 

This pre-optimization profile highlights why a layer-wise optimization strategy is essential. The disproportionate parameter 

distribution increases memory usage and computational cost without proportional gains in accuracy. By understanding this 
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initial baseline, the subsequent optimization stages can intelligently target layers with excessive parameters, reducing 

redundancy while preserving the essential representational capacity of the network. 

 

 
Fig 5. After Layer-Wise Optimization — Parameters Per Layer. 

 

The After: Parameters per Layer plot illustrates how the proposed layer-wise optimization framework redistributes and 

compresses the network parameters following pruning and quantization as shown in Fig. 5. Compared to the baseline 

configuration, the parameter count in most layers has been significantly reduced, indicating that redundant or less 

informative connections were successfully eliminated. Despite this reduction, the optimized model preserves a balanced 

structural integrity, ensuring that layers critical for feature extraction and decision-making retain sufficient capacity. 

Notably, the deeper convolutional layers (Conv5–Conv6) and fully connected layers (FC1–FC2) show the most substantial 

decreases in parameter magnitude. This is expected, as these layers initially contained dense, high-redundancy connections 

that contributed minimally to accuracy improvement. In contrast, early convolutional layers (Conv1–Conv3) exhibit only 

moderate reductions, emphasizing that the optimization strategy intelligently preserves low-level feature extraction 

capabilities. 

This selective compression pattern demonstrates the adaptive and context-aware nature of the optimization process. 

Rather than applying uniform pruning across the entire model, the framework dynamically adjusts its intensity according 

to each layer’s sensitivity and contribution to performance. The outcome is a lighter, more efficient CNN architecture that 

achieves a considerable reduction in parameter size while maintaining nearly the same accuracy as the original model — 

validating the effectiveness of the proposed intelligent design strategy. 

 

 
Fig 6. Quantitative Evaluation of the Proposed Layer-Wise Optimization Framework. 

 

The numerical outcomes of the layer-wise optimization validate the effectiveness and intelligence of the proposed CNN 

architecture design framework. After optimization, the model achieves a final accuracy of 84.61%, marking only a 1.39% 

reduction compared to the baseline, while simultaneously realizing an 83.5% reduction in model size and a 7.5% 

improvement in computational latency. These results from Fig. 6 demonstrate that the proposed design achieves a 

remarkable balance between accuracy preservation and efficiency enhancement — a core objective of the intelligent 

optimization approach. 

A detailed layer-wise examination reveals how the proposed method dynamically adjusts pruning and quantization 

intensity based on the functional sensitivity and contribution of each layer. The early convolutional layers (Conv1–Conv3) 

show minimal pruning (approximately 6–10%) and relatively higher quantization precision (5–8 bits), indicating that the 

optimization strategy preserved their feature extraction capabilities. These layers handle low-level spatial patterns such as 

edges and textures, where precision is crucial to maintain representational quality. 
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The deeper convolutional layers (Conv5–Conv6) and the fully connected layers (FC1–FC2) underwent substantial 

compression. For instance, FC1 and FC2 experienced pruning rates above 22–32%, with quantization reduced to 4–5 bits, 

leading to significant parameter reduction while maintaining stability in the network’s decision space. This aggressive 

optimization at the top layers effectively minimizes redundancy, as these layers generally exhibit overlapping neuron 

activations and contribute less to fine-grained spatial features. 

The adaptive pattern in pruning and quantization ratios clearly reflects the intelligent layer-wise control mechanism 

embedded in the proposed framework. Rather than applying uniform compression, the algorithm learns to selectively 

preserve or compress layers depending on their structural role and contribution to model accuracy. Consequently, the 

optimized CNN not only becomes more compact and computation-efficient but also retains its generalization strength 

demonstrating the practical success of the intelligent architecture design for deep convolutional neural networks using 

layer-wise optimization. 

 

Table 1. Performance Summary of the Proposed Layer-Wise Optimized CNN Model 

Metric Before Optimization 
After 

Optimization 
Improvement (%) 

Accuracy (%) 86.0 84.61 –1.39 

Model Size (MB) 1390.5 229.53 83.5 

Latency (ms) 198.95 184.10 7.5 

Total Parameters (Millions) 1389.1 229.7 83.5 

Quantization Range (bits) 32 4–8 Reduced 

FLOPs (synthetic) – ↓ Estimated drop 

 

Table 1 gives a summary of the quantitative performance of the proposed layer-wise optimization framework. These 

findings draw attention to the fact that the CNN is able to reduce model size and the number of parameters by an impressive 

83.5 percent, and decrease its accuracy by a comparatively small margin of 1.39. This shows that the design phase of the 

intelligent architecture is efficient since it has shrunk the model to a significantly smaller size without causing much 

deterioration in the quality of the classification. 

The computational advantage is further supported by the 7.5% latency improvement, which signifies that it inferences 

faster on hardware-limited systems. The fact that the adaptive quantization of the 4 to 8 bits across the layers have been 

performed is attest to the fact that the optimization process intelligently trades-off between precision and compactness as 

opposed to doing the same thing through uniform compression. The Table 1 supports the fact that the proposed model 

provides a reasonable trade-off between performance, speed, and memory footprint that supports the successful 

implementation of the Intelligent Architecture Design to Deep Convolutional Neural Networks Using Layer-wise 

Optimization framework into actual deep learning applications. 

 

Table 2. Comparative Evaluation of the Proposed Layer-Wise Optimization Model with Existing CNN Architectures 

Model 
Parameters 

(M) 

Accuracy 

(%) 

Model Size 

(MB) 

Latency 

(ms) 
Remark 

Baseline CNN 1389.10 86.00 1390.50 198.95 No optimization 

Uniform Compression 400.00 82.50 400.00 190.00 
Fixed-rate pruning & 

quantization 

Proposed Layer-wise 

Optimization 
229.70 84.61 229.53 184.10 

Adaptive, intelligent 

optimization 

 

Table 2 presents a comparative analysis between the proposed model and two benchmark CNN configurations — a 

standard baseline and a uniformly compressed variant. The baseline CNN, though accurate at 86%, suffers from a heavy 

memory footprint and slower inference, making it less practical for resource-constrained systems. The uniform 

compression model significantly reduces the size but at the cost of a noticeable accuracy degradation (−3.5%), reflecting 

the drawbacks of non-adaptive optimization strategies. 

In contrast, the proposed layer-wise optimization approach delivers a balanced improvement, achieving an 83.5% 

reduction in size and 7.5% latency improvement, while maintaining 84.61% accuracy — only 1.39% below the baseline. 

This confirms that the intelligent architecture design effectively identifies and preserves the most critical layers, ensuring 

both efficiency and performance stability. The adaptive strategy thereby outperforms traditional uniform methods, proving 

its potential for scalable, hardware-efficient CNN deployment. 

 

V. CONCLUSION 

This study introduces AdaLayerNet, an adaptive layer-wise CNN architecture that achieves a precise balance between 

model accuracy, computational efficiency, and memory utilization through selective pruning and quantization. Empirical 

evaluation demonstrates that the proposed model attains a final accuracy of 84.61%, corresponding to a marginal 1.39% 

reduction compared to the unoptimized baseline, confirming that performance is effectively preserved. At the same time, 
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the model realizes an 83.5% reduction in memory footprint, highlighting the effectiveness of layer-specific compression, 

and a 7.5% improvement in inference latency, demonstrating tangible gains in computational efficiency. Detailed layer-

wise analysis using the architecture ribbon and layer fingerprint visualizations reveals that early convolutional layers, 

critical for low-level feature extraction, maintain higher precision, whereas deeper convolutional and fully connected layers 

are aggressively compressed to eliminate redundant parameters. Comparison with baseline CNNs and uniformly 

compressed models further emphasizes that AdaLayerNet achieves superior efficiency-performance trade-offs, 

maintaining high predictive capability while substantially reducing model complexity. Collectively, these results 

underscore the practical significance and robustness of the proposed approach, making AdaLayerNet well-suited for 

deployment in hardware-limited environments where memory and computational resources are constrained. The 

framework provides a systematic and interpretable method for designing compact, high-performing CNN architectures, 

demonstrating that adaptive layer-wise optimization can deliver both efficiency and accuracy in real-world deep learning 

applications. 
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