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Abstract

This study explores how pruning strategies can improve the efficiency of deep neural
networks (DNNs), which are widely used for tasks like image processing, medical
diagnosis, etc. Although DNNs are powerful, they often contain weaker connections that
can lead to increased energy consumption both during training and inference. To
address this, we compare two pruning approaches: global pruning, which applies to all
layers of the network, and layer-wise pruning, which focuses on the hidden layers. These
approaches are tested across two MLP models, small-scale and medium-scale, and are
then extended to a VGG-16 model as a representative example of Convolutional Neural
Networks (CNNs). We evaluate the impact of pruning on five datasets (MNIST,
FashionMNIST, EMNIST, CIFAR-10, and OctMNIST), and considering different
sparsity levels (50% and 80%). Our results show that, in comparison to the benchmark
dense networks (0% sparsity), layer-wise pruning offers the best trade-offs, by
consistently reducing inference time and inference energy usage while maintaining
accuracy. For example, training the small-scale model with the MNIST dataset and 50%
sparsity led to a 33% reduction in inference energy usage, 33% in inference time, and
only a negligible 0.49% decrease in accuracy. Furthermore, we investigate training
energy consumption, CO2 emissions estimations, and peak memory usage, which again
leads to choosing the layer-wise approach over global pruning. Overall, our findings
suggest that layer-wise pruning is a practical approach for designing energy-efficient
neural networks, particularly in achieving efficient trade-offs between performance and
energy consumption.

Author summary

In this work, we explore how to make deep learning models more efficient by removing
the weaker connections, through a method known as “pruning”. These models are
widely used in everyday applications, from medical tools to smart devices. However, the
energy consumption of dense “unpruned” models, while necessary for their
configuration, is often suboptimal. The large number of connections in a dense model
requires more energy to process inputs and compute the best output class.

By reducing the number of connections, pruning strives for maintaining the model
performance close to that of its dense counterpart, while using less energy. This makes
pruning an effective way to improve energy efficiency, both during the model training
and at model inference time. The reduced computational load results in a more
energy-efficient model, which is especially beneficial for devices with limited power.
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We tested different pruning techniques and compared their performance in three
different deep learning architectures, considering five different domain-specific datasets.

One of our main findings is that using a layer-wise pruning approach leads to
significant efficiency gains, at negligible accuracy losses.

Introduction 1

Deep neural networks (DNN) serve as a robust computational framework [1, 2] to 2

address various tasks in multiple domains, including the Internet of Things (IoT) [3], 3

image processing [4–6], autonomous object management [7, 8], disease diagnosis [9, 10]. 4

Traditionally, working with neural networks involves designing the network architecture, 5

selecting the number of layers, and training the model on a given task. This process 6

focused mainly on creating the network and fine-tuning the parameters for optimal 7

performance. However, recent research has shown that many of the networks designed 8

and trained this way often contain numerous weaker, redundant connections [11]. These 9

redundant connections do not significantly contribute to the model’s ability to make 10

accurate predictions; yet they increase the model’s complexity and resource usage. As a 11

result, different types of pruning techniques have been proposed to reduce redundancy 12

and make the networks more efficient, both in terms of memory usage and 13

computational cost. These include pre-training pruning, where sparsity is applied before 14

model training starts, and in-training pruning, where the network’s connections are 15

adjusted during training. To address this issue, researchers are now focusing on 16

reducing this redundancy by sparsifying connections in the neural network 17

architecture [12–14]. In particular, Sparse Evolutionary Training (SET), a particular 18

type of in-training technique, has proven to be effective at retaining the most important 19

connections, which helps make the model more efficient and perform better. 20

Prior work shows that the initial layers often capture the most salient input features, 21

while the subsequent ones refine decision boundaries through more intricate 22

connections [15–17]. Specifically, a higher number of connections in the final layer, 23

which connect the hidden layer neurons to the output classes, may enhance classification 24

accuracy by increasing the likelihood of correctly identifying the target class. 25

In multilayer perceptrons (MLPs) [18], the distribution of critical features across 26

layers plays a pivotal role in determining network efficiency. In fact, the choice of MLPs 27

as the primary focus of this study stems from their architectural simplicity, which allows 28

us to apply the same sparsity techniques uniformly across all layers without exceptions. 29

This design flexibility makes it easier to analyze model behavior in detail and to adjust 30

architectural parameters, such as the number of layers or neurons per layer. In contrast, 31

Convolutional Neural Networks (CNNs) require distinct sparsity techniques for the 32

feature extraction and classification parts, given their different roles and structures. 33

Thus, to strengthen our observations and ensure the generality of our findings, we also 34

expand our experiments to include CNN architectures, specifically using the VGG-16 35

model. 36

Building upon our previous work [19], where we examined MLP architectures by 37

measuring model performance across four sparsity techniques (e.g., Pre-Training, 38

In-Training, Post-Training, and Sparse Evolutionary Training or SET, in short) in 39

industrial settings, this study narrows its focus to investigate how Pre-Training and 40

SET (i.e., the most promising ones from our previous study) affect the training 41

performances when specific layers of the network are targeted. In other words, we aim 42

to investigate the impact of the above mentioned pruning techniques to assess whether 43

focusing on the hidden layers (i.e., herein referred to as layer-wise pruning approach) 44

can yield more beneficial effects on overall training performance compared to the 45

conventional approach, in which the entire network, including the input and output 46
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layers, is sparsified (i.e., herein referred to as global pruning approach). In terms of 47

beneficial effects, we are mostly interested on investigating the role of energy 48

consumption and the evaluation of trade-offs between test accuracy, inference time and 49

inference energy efficiency with the goal of achieving more sustainable models. 50

Our analysis unveils that layer-wise pruning can provide good trade-offs with 51

negligible accuracy loss (i.e., 0.49% in best-case scenarios and nearly 5% in the 52

worst-case ones) along with significant savings in inference time and inference energy, 53

for example, up to a 44% reduction in inference energy and a 33% reduction in inference 54

time in the best-case scenario. Furthermore, in most considered scenarios, layer-wise 55

pruning outperforms global pruning. 56

For the sake of completeness, we also conducted our analyses on CNN models, 57

specifically using the VGG-16 architecture, which is widely used in image classification 58

tasks and offers a balanced complexity for exploring pruning techniques [20–24]. From 59

such analysis emerged that the accuracy fluctuation for all pruning scenarios amounts 60

to less than 1%, which is in line with our earlier observations [25]. 61

This current research adds an important piece to the pruning puzzle by providing a 62

deeper understanding of how pruning influences the performance and energy efficiency 63

of MLP models, while also extending the study to CNN architectures, specifically using 64

the VGG-16 model. Since CNNs are commonly used in image classification tasks and 65

are a standard deep learning architecture, including them in our analysis helps ensuring 66

that our findings are applicable to different network types, providing a broader 67

perspective on the effectiveness of pruning techniques. 68

The paper is structured as follows. Section 1 reviews pruning techniques, their 69

impact on performance and energy efficiency, and their use in IoT and industrial 70

applications. Section 2 presents all the relevant methodology, including details on 71

sparsity techniques (i.e., Pre-training pruning and SET) and approaches (i.e., layer-wise 72

vs global pruning), and the datasets and models included in our experimental design. 73

Next, Section 3 shows the results, focusing on MLP model performance, training energy, 74

and peak memory usage. For the sake of completeness, the exploration of CNN 75

architectures, and the evaluation of a domain-specific dataset are also presented. 76

Finally, Section 4 concludes the paper and outlines directions for future work. 77

1 Related Work 78

Recent improvements [14,26–28] in neural network pruning have highlighted its 79

potential to enhance computational efficiency while maintaining model accuracy. 80

Previous work explored diverse pruning strategies, offering unique approaches to 81

sparsification. These strategies can be broadly categorized into structured and 82

unstructured pruning. Structured pruning involves removing entire units such as 83

neurons, channels, or layers. In contrast, unstructured pruning removes individual 84

weights, which are identified and discarded based on algorithms that measure their 85

contribution to the model’s overall performances. By focusing on unstructured pruning, 86

we can algorithmically identify and remove the weakest connections, leading to a more 87

precise and efficient pruning process. As a result, the related works we discuss in this 88

paper primarily focus on this category of pruning. 89

An exemplary approach to unstructured pruning was proposed by Mocanu et al. [13], 90

who introduced Sparse Evolutionary Training (SET). This is a global pruning technique 91

(operating on the whole network), which removes the weaker connections through an 92

evolutionary process. The authors present a method that starts with a sparse neural 93

network initialized through the Erdős-Rényi network model [29], where the connections 94

between neurons are randomly assigned with fixed probability. This initial sparse 95

network is then progressively evolved during training, with pruning occurring at each 96
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epoch based on an evolutionary strategy. The key idea is to adaptively remove the 97

weakest connections while preserving the model’s performance (and its network 98

topological features), using a genetic algorithm to iteratively select and optimize for the 99

most crucial connections. 100

Similarly, Galchonkov et al. [14] investigate the combined effect of two techniques: 101

pruning connections in the neural network to reduce its complexity and pre-processing 102

input data (e.g. rotations, shifts, and distortions). These techniques aim to make the 103

training of neural networks more efficient while maintaining high accuracy, particularly 104

in the task of handwritten digit recognition using the MNIST dataset. 105

In comparison, Kalyanam et al. [30] propose an unstructured pruning method for 106

multilayer perceptron (MLP) models with the hyperbolic tangent (i.e. tanh) activation, 107

introducing a novel neuron removal strategy. This study targets the neurons with 108

activations clustered near -1, 0, or 1, leveraging the zero-centered properties of the tanh 109

function. This method is rather different from other works, which focus on link weights 110

or connections between the neurons [13,28,31,32]. 111

Lee et al. [33] present the Single-shot Network Pruning (SNIP) technique, which 112

introduces a method for pruning neural networks once at initialization by measuring 113

connection sensitivity. This approach eliminates the need for the traditional iterative 114

pruning-retraining cycles often required by other pruning methods. Instead of pruning 115

during or after training, SNIP evaluates the importance of each connection based on 116

how much it impacts the loss function using a mini-batch of data. Connections with low 117

sensitivity are pruned in a single shot, making it a highly efficient method for reducing 118

model complexity, without sacrificing accuracy. 119

Additionally, Fan et al. [34] introduces a layer-wise pruning approach that uses 120

mutual information (MI) to prune neurons. In this method, sparsity is applied 121

individually to each layer, allowing for a more targeted pruning process. The technique 122

focuses on retaining neurons that have the highest mutual information with the neurons 123

preserved in the next layer. This approach is similar to Kalyanam et al.‘s work in that 124

both methods prioritize pruning neurons rather than connections between neurons. 125

Another important aspect of neural network optimization is sustainability. This 126

includes considering how pruning methods affect not only model size and accuracy but 127

also energy consumption and resource efficiency, both during training and inference. 128

In recent years, researchers have begun to explore how to make neural networks 129

more energy-efficient and sustainable, ensuring that models are not only smaller but 130

also more efficient in terms of their computational and environmental impact [25,35–37]. 131

For instance, Kamolov [36] investigates the three different strategies including 132

magnitude-based pruning, structured pruning, and random pruning in two 133

Convolutional Neural Network (CNN) models namely, ResNet18, VGG-16. He considers 134

four different sparsity levels, namely 10%, 30%, 50% and 70%, on both architectures, 135

using the CIFAR-10 dataset. In this work, all models are trained for 10 epochs after 136

applying the sparsity techniques to restore the performance of the models. This research 137

demonstrates that magnitude-based pruning techniques are more effective than both 138

structured and random pruning, in preserving model accuracy while reducing 139

computational complexity. It is also worth pinpointing that the SET technique (see 140

Sect. 2.1.2), which is one of the primary pruning methods used in our study, combines 141

the Erdős–Rényi random algorithm with magnitude-based pruning to optimize model 142

performance and direct the network to continuously use the strongest connections. 143

Li et al. [37] introduce a hardware-aware optimization method called IHSOpti, aimed 144

at improving the performance of deep neural networks (DNNs) by leveraging hardware 145

features like pipelining and parallelism. They propose the Polar HSPG algorithm, which 146

enhances DNN pruning and introduces a residual strategy to reduce redundancies at the 147

layer level. Their evaluation focuses on metrics such as pruning ratio, Top-1 accuracy, 148
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and inference time. The research explores how pruning techniques can reduce 149

computational overhead, at a negligible accuracy loss, particularly for models like VGG, 150

ResNet, and RegNet. 151

Widmann et al. [38] investigate the impact of neural network pruning on energy 152

efficiency for IoT devices. The authors apply unstructured pruning based on magnitude 153

and structured pruning using the average percentage of zero (APoZ) method on a 154

LeNet-5 CNN model. These methods were tested on a Raspberry Pi Pico (RP2040 chip) 155

with the FashionMNIST dataset. The authors analyze how pruning at different 156

compression rates (from 2 to 64) affects energy consumption, inference speed, and 157

accuracy. The compression rates are obtained by dividing the original number of 158

parameters to the new one [39]. Their research shows that structured pruning 159

outperforms unstructured pruning in most cases, whilst achieving also notable 160

improvements in energy consumption and inference speed. 161

Liu et al. [40] introduce network slimming, a method for optimizing CNNs by 162

applying sparsity regularization to the scaling factors in Batch Normalization layers. 163

This approach automatically identifies and prunes unimportant channels, resulting in 164

more compact models with reduced size, memory usage, and computational operations, 165

while maintaining or even improving accuracy. This learning scheme aims to reduce the 166

network size without the need for specialized software or hardware accelerators. There 167

are still more areas to explore, such as sparsity techniques (e.g., Pre-Training, SET) and 168

pruning approaches (e.g., global or layer-wise), which offer valuable opportunities for 169

further research and development. 170

Furthermore, Tmamna et al. [41] review various pruning strategies aimed at 171

improving the energy efficiency of deep neural networks, especially CNNs. Their work 172

highlights network pruning as an effective method for reducing the size and 173

computational complexity of models while minimizing their carbon footprint. By 174

selectively eliminating redundant parameters, pruning techniques significantly accelerate 175

model inference and reduce energy consumption. This survey categorizes pruning 176

approaches into three main types: criteria-based, embedded, and automatic methods. 177

The authors investigate the pruning strategies from different angles, including sparsity 178

stages, model architecture, and datasets. They provide a comprehensive analysis of each 179

strategy’s impact. It serves as a valuable foundation for further detailed analysis and 180

exploration. 181

Existing research, including the works of Mocanu et al. [13], Galchonkov et al. [14], 182

Kalyanam et al. [30], Lee et al. [33], and Fan et al. [34], has advanced the understanding 183

of how pruning techniques and approaches affect model performance and energy 184

efficiency across various architectures. These studies have introduced innovative pruning 185

techniques that focus on reducing model size while maintaining accuracy, exploring both 186

global and layer-wise pruning approaches. 187

Our work extends previous research by investigating two pruning techniques, 188

including pre-training (Section 2.1.1) and SET in-training (Section 2.1.2). We examine 189

their performance in both global and layer-wise pruning scenarios, specifically within 190

MLP architectures. By doing so, we aim to understand how these techniques impact 191

energy efficiency and model performance, providing insights into the trade-offs between 192

efficiency and accuracy in MLPs. Additionally, to better generalize our findings, we 193

extend our analysis to CNN models, which are more complex, and are commonly used 194

in image classification tasks. 195

Moreover, our research addresses the sustainability of pruning techniques, an often 196

overlooked area in earlier studies. Specifically, we explore how both global and 197

layer-wise pruning strategies influence energy consumption during both training and 198

inference, carbon dioxide emissions, and overall resource efficiency. This provides a 199

deeper understanding of the actual benefic effects of pruning on model sustainability. 200
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2 Methodology 201

In this section, the methodology adopted for the study is presented. Firstly, Sect. 2.1 202

provides definitions of sparsity, the techniques applied, and the mathematical 203

formulations that describe these sparsity methods. The implementation of each 204

technique in the neural network models and their role in enhancing performance are also 205

outlined. Next, Sec. 2.2 introduces two alternative pruning approaches (or strategies), 206

including global and layer-wise pruning. Sect. 2.3 presents the datasets utilized in the 207

research. Following this, Sect. 2.4 describes the architectures of the models employed in 208

the study. Finally, Sect. 2.5 details the overall experimental design, including the process 209

of collecting experimental data and the configurations applied in our experiments. 210

2.1 Sparsity techniques 211

Pruning in artificial neural networks refers to the process of removing portions of the 212

network reduce model complexity and size and, in turn, improve its efficiency. This 213

process is typically categorized into structured and unstructured pruning. In structured 214

pruning, entire groups of weights, neurons, or layers are removed, resulting in a regular 215

sparsity pattern. Techniques such as weight-magnitude pruning and filter pruning 216

remove entire units. 217

Unstructured pruning, instead, removes individual weights based on their 218

contribution to the model, often determined by magnitude or gradient. For example, 219

magnitude-based pruning discards weights holding the smaller values, considering that 220

these will contribute less to the model’s performance. This leads to an irregular sparsity 221

pattern, which can reduce memory usage. Magnitude-based pruning, like other 222

unstructured techniques, reduces the number of active connections or weights within the 223

network. This concept is inspired by biological neural systems, where only a small 224

portion of neurons and connections are active at any time [42,43]. The primary purpose 225

of pruning is to develop more efficient and smaller networks that use fewer 226

computational resources, consume less energy, whilst still achieving strong performance 227

on specific tasks [44,45]. 228

For comparison purposes, we benchmark sparse ANN against their dense (unpruned) 229

counterparts, (i.e., ANN with 0% sparsity level), where all weights are retained and no 230

sparsity techniques are applied. 231

In this study, we employ two pruning techniques: Pre-Training (Sect. 2.1.1), and 232

Sparse Evolutionary Training (SET) (Sect. 2.1.2). These two sparsity techniques 233

encompass possible approaches for pruning the neural network, based on the training 234

stage at which the sparsity techniques are applied. 235

Algorithm 1 presents the pseudocode of our implementation for the pruning 236

techniques used in this research, namely Pre-Training and SET. 237

2.1.1 Pre-Training Pruning 238

A common pruning method applies the L1 technique [46] to remove weak connections 239

immediately after the neural network is initialized but before training begins. By 240

starting with a pruned network, where a fraction of connections are removed based on 241

the desired sparsity level, the number of parameters to be optimized is significantly 242

reduced. This not only simplifies the optimization process but also reduces 243

computational costs and speeds up training, as the model requires fewer resources to 244

achieve effective learning [47]. In the following paragraphs, we provide a detailed 245

explanation of the L1 norm, including its mathematical formulation and an illustrative 246

example. 247
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Algorithm 1 Algorithm for applying the considered Sparsification Techniques with
Training Loop

Require: Model M , dataset D, sparsity level α, learning rate η, number of epochs E,
replacement rate ζ

Ensure: Trained and sparsified model M
1: Step 1: Initialize Model Weights
2: M.initialize weights()
3: Step 2: Create Initial Model
4: if pruning technique == “before” then
5: M ← prune weights(M,α) ▷ Prune weights before training
6: else if pruning technique == “set” then
7: M ← initial erdos model(n, α) ▷ Create sparse connections with Erdős-Rényi
8: end if
9: Step 3: Training Loop

10: for epoch = 1 to E do
11: for each batch (X, y) in D do
12: Forward Pass:
13: output←M.forward(X)
14: loss← compute loss(output, y)
15: Backward Pass:
16: gradients← compute gradients(loss,M)
17: M.update weights(gradients, η)
18: end for
19: if pruning technique == “set” then
20: M ← replace weak connections(M, ζ) ▷ Replace ζ% of weakest connections
21: end if
22: end for
23: Return M
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The L1 norm [48] is a mathematical technique widely used in machine learning and 248

statistics to enhance feature selection, reduce model complexity, and improve prediction 249

accuracy. It minimizes the sum of the absolute values of selected variables (e.g., the 250

weights of connections in our case), leading to sparser networks where most variables 251

become zero (i.e., the removed connections in our experiment). This method is 252

commonly applied in pruning techniques, signal processing, image recognition, and 253

bioinformatics. 254

The L1 norm, also known as the least absolute deviation, measures the distance 255

between points in a mathematical space. For a vector x = [x1, x2, x3, ..., xn], the L1 256

norm is defined as: 257

∥x∥1 = |x1|+ |x2|+ ...+ |xn| (1)

The L1 norm calculates the sum of the absolute values of each element in the vector 258

x. Unlike other norms, such as the L2 norm [49], which squares each element, the L1 259

norm does not amplify the magnitude of larger values. This characteristic makes it 260

particularly effective for generating sparse solutions, where many elements in the vector 261

become zero. 262

In machine learning, the unstructured L1 method is frequently used to solve 263

optimization problems by minimizing a loss value, which measures the difference 264

between predicted and actual values, and incorporating a regularization term based on 265

the L1 norm. This technique is widely used in Lasso Regression, where the objective is 266

to identify feature coefficients that best predict the output while simultaneously 267

reducing model complexity. 268

2.1.2 In-training Pruning based on SET - Sparse Evolutionary Training 269

The Erdős-Rényi model [29] is a foundational mathematical framework for generating 270

random graphs, where nodes are connected by edges based on probabilities. This model 271

is widely used to study the structure of real-world networks, such as social or biological 272

systems, by simulating their connectivity patterns. Starting with n nodes, each pair of 273

nodes is connected by an edge with a probability p. Due to its simplicity and 274

adaptability, the Erdős-Rényi model is a valuable tool for initializing sparse 275

architectures in neural networks. 276

The SET method, proposed by Mocanu et al. [13], leverages the Erdős-Rényi model 277

to initialize a sparse neural network. Unlike other sparsification techniques, such as 278

Random or L1 methods, SET uses this probabilistic model to define the initial 279

connections between neurons. By setting the probability p, SET controls the network’s 280

initial connectivity, ensuring a sparse yet effective starting structure. 281

SET optimizes the network during the training, epoch by epoch. It dynamically 282

updates the network by replacing the 20% of smallest positive and largest negative 283

weights (i.e., weaker connections) with previously pruned connections, this is the 284

proportion that Mocanu et al. [13] used in their own implementation of this technique. 285

This dynamic adjustment ensures that the network continuously strengthens the most 286

important connections while keeping the level of sparsity constant. By the end of 287

training, the network evolves into a robust structure with optimized connections, 288

achieving an effective balance between computational efficiency and performance. 289

Fig 1. The architecture of our two multilayer perceptron (MLP) models including
Small-Scale and Medium-Scale, and the pruning strategies we applied over the models.
The scissor icons between layers indicate the locations where pruning is applied. The
numbers in the layers indicate the number of neurons in the layer.
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2.2 Pruning approaches 290

Herein, we mostly focus on comparing two pruning approaches for multilayer perceptron 291

(MLP) models: global and layer-wise pruning. The pruning techniques (Sect. 2.1) are 292

used to reduce the number of connections in a neural network, which can improve 293

efficiency and lower resource usage during inference. 294

Global unstructured pruning involves removing weights from the entire network 295

architecture based on their importance, regardless of which layer they belong to. In this 296

approach, a fixed percentage of the weakest connections across the whole network are 297

pruned, regardless of the layer they are in. While this method is simple, it might not 298

always lead to optimal performance, as it does not account for the specific contributions 299

of each layer to the overall network. 300

On the other hand, the layer-wise pruning approach we propose herein targets 301

specific layers of the network. Our intuition is that the input layer in MLPs holds 302

important features from the input data, and removing connections from this layer can 303

reduce the model’s performance. For the same reason, keeping all connections in the 304

last layer (i.e., from the last input layer to the output) is important for maintaining the 305

necessary connections to accurately classify the inputs. 306

Thus, as shown in Fig 1 for the MLP architectures, we prune only the hidden layers 307

leaving the input and output layers unchanged. 308

Similarly, in Convolutional Neural Network (CNN) models, we apply the same 309

sparsity techniques to the classification part of the network, as well as to all connections 310

between the last convolutional layers and the first classification layer. These connections 311

represent the extracted features from the convolutional layers, and they serve as the 312

input to the classification part of the network. However, we do not apply any sparsity 313

techniques to the feature extraction part of the network (i.e., the convolutional layers). 314

In our experiments, we compare the performance of two neural network models (i.e., 315

MLPs and CNNs) under both pruning approaches (i.e., Global and Layer-wise), 316

focusing on key metrics such as test accuracy, inference time, energy efficiency during 317

both inference and training phases, and memory usage during training. By examining 318

these factors, we aim to understand how global and layer-wise pruning affect models 319

performance, and determine which approach is more effective and efficient in terms of 320

both energy use and accuracy. 321

2.3 Datasets 322

In this section, we describe the datasets used in our study. The following subsections 323

provide details on each dataset, namely MNIST in Sect. 2.3.1, FashionMNIST in 324

Sect. 2.3.2, EMNIST in Sect. 2.3.3, CIFAR-10 in Sect. 2.3.4, and OctMNIST in 325

Sect. 2.3.5. With the exception of OctMNIST, all these datasets are natively available 326

through the PyTorch builtin datasets module (official documentation at 327

https://docs.pytorch.org/vision/stable/datasets.html. OctMNIST is provided 328

as a standalone Python library (accessible via https://pypi.org/project/medmnist). 329

We utilized these specific implementations throughout our research experiments. For 330

the experiments involving CNNs (Sect. 3.5), we only use the last three datasets, 331

CIFAR-10, EMNIST, and OctMNIST, which are the most complex ones. 332

2.3.1 MNIST 333

The MNIST dataset is a widely used benchmark in machine learning, consisting of 334

28× 28 pixel grayscale images of handwritten digits (0–9). It includes 60,000 images, 335

making it a standard choice for classification tasks and sparsity techniques. MNIST’s 336
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simplicity, small size, and well-defined structure allow for efficient experimentation and 337

comparison of results. 338

2.3.2 FashionMNIST 339

Similarly to MNIST, FashionMNIST [50] is often used as a benchmark for machine 340

learning; however, it is used for slightly more complex and realistic classification 341

problems, since the images are not just digits, but clothing items. It consists of 60,000 342

grayscale images of 28× 28 pixels, and includes 10 classes, each representing a different 343

type of clothing. These include items such as t-shirts, trousers, and sneakers. 344

In our study, we employ FashionMNIST to evaluate how well sparsity techniques 345

perform when applied to a slightly more complex dataset. 346

2.3.3 EMNIST 347

The EMNIST dataset [51] is an extension of the MNIST dataset (i.e., it is more than 11 348

times larger than the MNIST dataset) and is designed for more complex handwriting 349

recognition tasks. It consists of handwritten characters, including digits and letters, 350

making it suitable for multi-class classification problems. 351

It is worth to mention that this dataset has several different splits including ByClass, 352

ByMerge, Balanced, Letters, Digits and MNIST. One of the most commonly used ones 353

is the ByClass split, which is composed by a total of 62 classes. These classes cover not 354

only digits (i.e. 10 classes from 0-9) but also uppercase and lowercase English letters 355

(i.e. 26 classes each from A-Z and from a-z, respectively). 356

Similarly to both MNIST and FashionMNIST, the dataset is composed by grayscale 357

images of 28× 28 pixels. The ByClass subset, contains 814,255 samples from 62 358

unbalanced classes. The increased number of classes in EMNIST, which includes both 359

handwritten digits and letters, makes it a suitable benchmark for evaluating the 360

performance of sparsity techniques on more challenging multi-class classification tasks. 361

2.3.4 CIFAR-10 362

CIFAR-10 [52–54] is a well-known dataset in the field of machine learning, used for 363

advanced image classification tasks. It consists of 50,000 colored 32× 32 pixel images 364

categorized into 10 different classes (i.e., Airplane, Automobile, Bird, Cat, Deer, Dog, 365

Frog, Horse, Ship, and Truck classes). The main challenge of CIFAR-10, compared to 366

datasets like EMNIST, MNIST, and FashionMNIST, lies in its color images, which adds 367

complexity due to the varied backgrounds and textures. In our experiments, we use 368

CIFAR-10 to assess the effectiveness of sparsity techniques on color images with more 369

intricate visual features. 370

2.3.5 OctMNIST 371

The OctMNIST dataset is part of the MedMNIST [55,56] collection, a standardized set 372

of biomedical image datasets for machine learning. 373

MedMNIST is a comprehensive biomedical image dataset designed to support 374

machine learning research in the medical domain. It comprises 18 distinct datasets, 375

including 12 datasets for 2D images and 6 datasets for 3D volumes, each formatted to 376

facilitate seamless integration with deep learning models. These datasets are specifically 377

curated for a variety of medical applications, such as disease classification, tissue 378

segmentation, and anatomical identification. The MedMNIST Python library provides 379

four standardized image size configurations (28× 28, 64× 64, 128× 128, and 224× 224 380

pixels). 381
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We focused our analysis on 28× 28 and 224× 224 resolutions for optical coherence 382

tomography (OCT) retina images only. This choice allows a fairer comparison across all 383

datasets used in this study, while also enabling an investigation of the model’s 384

performance when dealing with higher-resolution samples. 385

These images show four retinal conditions which are converted to four neurons in the 386

output layer of the network: healthy tissue, diabetic macular edema, drusen, and 387

choroidal neovascularization. The dataset’s balance of medical relevance and 388

manageable size makes it practical for controlled experiments. The dataset is divided 389

into three subsets, namely training (89%), validation (∼ 10%), and test (1%) as per the 390

official partitioning scheme provided in the MedMNIST Python library. 391

2.4 Models architecture 392

The present study primarily focuses on multilayer perceptron (MLP) models, while also 393

extending the analysis to Convolutional Neural Networks (CNNs) to examine how the 394

observed trends generalize to more complex models. 395

MLPs, with their simple and fully-connected structure —where each neuron in a 396

layer is directly linked to every neuron in the following layer— serve as a fundamental 397

baseline for understanding the effects of sparsity techniques. This simplicity allows us to 398

isolate and analyze the impact of pruning in a controlled setting, without the additional 399

complexities introduced by advanced architectures such as CNNs or ResNet-based 400

models, which are well known for their superior performance in image classification 401

tasks. 402

For our experiments, we employ two MLP model sizes, namely a small-scale model 403

(Sect. 2.4.1) and a medium-scale one (Sect. 2.4.2). These provide a range of complexity 404

levels that allow us to evaluate sparsity techniques under different resource conditions. 405

While one might expect the inclusion of larger-scale models, our focus on smaller MLP 406

architectures is intentional, as these allow for a clearer observation of the relationships 407

between pruning, energy consumption, and efficiency in constrained environments. 408

To complement this analysis, we also include the VGG-16 architecture (Sect. 2.4.3) 409

as a CNN case study, enabling the evaluation of sparsity techniques in a more complex, 410

convolution-based setting. This comparison between MLPs and CNNs provides a 411

broader understanding as to how diverse pruning techniques and approaches perform 412

across different network types, from simple fully-connected architectures to deeper 413

convolutional models. 414

2.4.1 Small-scale architecture 415

We begin our analysis with a small-scale MLP model, designed to accommodate input 416

data with a dimensionality of 28 ∗ 28 = 784, which aligns with the size of images in 417

datasets such as MNIST. The input layer of the model consists of 784 neurons, ensuring 418

that each pixel in the input image is represented by a single neuron. The network also 419

includes two hidden layers, each containing 16 neurons, and an output layer with 10 420

neurons, matching the number of classes in typical classification tasks like MNIST. 421

In total, this 4-layer architecture comprises 826 neurons. When fully-connected, the 422

model has 12,960 connections, which is the minimum number of connections required to 423

achieve an accuracy of up to 90% in our experimental setup. By decreasing the size of 424

the network the final accuracy of the test phase will drop. This small-scale architecture 425

is intentionally designed to balance simplicity and computational efficiency while 426

providing a meaningful framework for evaluating sparsity techniques. By focusing on 427

this compact network, we can effectively study the impact of sparsification on model 428

performance, leveraging input sizes and structures similar to those found in widely used 429

datasets like MNIST. 430
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2.4.2 Medium-scale architecture 431

To enable a comparison, we also employ a medium-scale MLP model. This model is 432

structured with 4,000 neurons in the first hidden layer, 1,000 neurons in the second 433

hidden layer, and 4,000 neurons in the third hidden layer. 434

As an example, using the MNIST dataset, we calculate the total number of neurons 435

and connections in the medium-scale MLP model. This 5-layer architecture, which 436

includes input, 4000-1000-4000 hidden layers, and output layers, comprises 9,794 437

neurons in total. When fully-connected, the model has 11,176,000 connections, which is 438

the minimum required to achieve the desired performance on the MNIST dataset. 439

These values provide a clear quantitative foundation for evaluating the scalability and 440

computational requirements of the proposed sparsity techniques in a high-dimensional 441

setting. 442

2.4.3 VGG-16 architecture 443

In addition to the MLP models, we also use the VGG-16 architecture to extend our 444

study to CNNs. We included this model just as an example and for the sake of 445

completeness to show how our approach might be obscured in interpretation when more 446

complex architecture are used. 447

The original VGG-16 consists of 16 layers, including 13 convolutional layers and 3 448

fully-connected layers. The convolutional layers are responsible for feature extraction, 449

while the fully-connected layers perform the classification. 450

Fig 2. The VGG-16 architecture used for our experiments, with layers where sparsity
techniques were applied highlighted by a red border and labeled as “pruned component”.

In our experiments, we extend the original VGG-16 by adding two additional 451

fully-connected layers to the classification part of the network. This modification 452

increases the complexity of the classification process and makes the pruning effects more 453

observable when applying different sparsity techniques. We selected VGG-16 for two 454

main reasons. First, it provides a balanced level of complexity—large enough to 455

represent real-world CNN behavior, yet not too large to make the experiments 456

impractical. Second, it allows us to compare our findings from the MLP models with a 457

CNN architecture under similar sparsity techniques. By applying both global and 458

layer-wise pruning to the classification part of the network, we can analyze whether the 459

same trends observed in MLPs also appear in more complex CNNs. This helps us 460

evaluate the generality of our observations across different model types. The overall 461

structure of the modified VGG-16 architecture, including the additional fully-connected 462

layers and the pruned sections in each approach, is illustrated in Fig 2. 463

2.5 Experimental design 464

This research investigates the impact of applying sparsification on hidden layers in MLP 465

models. Two pruning approaches are considered for this purpose. In the first one, the 466

pruning is applied globally, meaning all layers are pruned to the same sparsity level 467

including input-layer, hidden-layers, and output-layer. In the second one, the same 468

sparsity level is applied only to hidden layers in the MLP model architecture. To ensure 469

the reliability of our results and observations, we expand our work by exploring CNN 470

models as well. Both pruning approaches are applied, but only onto the classification 471

part of the CNN, as this is the one sharing the most similarity with MLPs. When the 472

global approach is performed, all layers in the classification part are pruned; whereas in 473

the layer-wise pruning we retain all connections in the output layer and those 474

connecting the feature extraction part to the first layer of the classification part. 475
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The pruning approach proposed in the present study (i.e., the layer-wise pruning) is 476

grounded on two key hypotheses. First, the initial layer of the MLP networks often 477

contains significant and valuable information that can substantially influence the 478

model’s performance during training. Second, the final layer makes the model able to 479

select the most appropriate output class, as each neuron in this layer is directly 480

connected to a single output class. Thus, we restrict the application of sparsity 481

techniques (namely, SET and Pre-training) exclusively to the hidden layers, preserving 482

the integrity of the input and output layers. This approach ensures that the model 483

retains its capacity to process critical information at the beginning and make accurate 484

predictions at the end, while still achieving the benefits of sparsity in the intermediate 485

layers. 486

To ensure a fair comparison across all combinations of datasets (Sect. 2.3), and 487

models (Sect. 2.4), we employed a constant training configuration. In both, the dense 488

and the sparse version of the model, the same hyperparameters were applied to keep the 489

evaluation consistent and directly comparable. Each model was trained with a batch 490

size of 4, a learning rate of 1× 10−3, and a test batch size of 4. The training process 491

was run for 60 epochs to ensure stable convergence and enable a fair comparison 492

between dense and sparse models. 493

For the CNN model, the batch size was increased to 64, and the learning rate was 494

set to 1× 10−4. We initially trained the VGG-16 architecture for 60 epochs, the same as 495

for the MLP models. However, training the CNNs for 60 epochs led to overfitting across 496

all datasets. To address this, we reduced the training rounds to 45 epochs to prevent 497

overfitting. 498

The results discussed in Sect. 3 are based on the average values obtained from ten 499

independent runs of the experiments. 500

In terms of metric monitoring and evaluation of the performance of the model in all 501

experiments, we used a total of six metrics, namely test accuracy, inference time, total 502

inference energy, training energy, CO2 emissions, power usage, and maximum peak 503

memory. These metrics provide a comprehensive understanding of the model’s behavior, 504

efficiency, and resource usage. 505

To measure energy consumption during model training, we employed the Zeus 506

library [57–59], a tool designed for GPU energy monitoring and developed as a Python 507

library. This library uses the NVIDIA Management Library (NVML) to collect power 508

usage directly from the GPU hardware, ensuring reliable data collection. As shown in 509

prior research [59], Zeus implements just-in-time (JIT) profiling, enabling real-time 510

energy measurement with minimal computational overhead. While effective for 511

single-GPU setups, Zeus has limitations in high-performance computing (HPC) 512

environments where GPUs are partitioned for parallel jobs, as it cannot isolate energy 513

usage for individual virtual GPU instances. 514

To better understand this limitation, we conducted experiments on a dedicated 515

machine, the Lenovo Legion 5 with an NVIDIA GeForce RTX 3060 GPU, 16GB RAM, 516

and an Intel Core i7-11800H CPU. This setup allowed for more accurate energy 517

measurement, as the entire GPU was used. We found that training the model on the 518

Lenovo Legion 5 used about one-third of the training energy compared to the HPC 519

system. This issue arises from the limitations of the HPC system, where resources are 520

often shared. 521

In real-world settings, especially with low-resource devices, one typically uses all 522

available hardware for a single training task, which helps optimize energy efficiency. 523

The method used for measuring these metrics is consistent across both hardware (i.e., , 524

and GPU) configurations. 525

All of our training experiments include three standard phases, namely, training, 526

validation, and testing. Algorithm 2 shows how we measure energy for each epoch 527
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Algorithm 2 Energy metric measurement in training phase

1: training energy← 0
2: for epoch ∈ {1, . . . , args.epochs} do
3: monitor.begin window(“epoch”) ▷ Start energy tracking for epoch
4: All Training Functions
5: for (inputs, labels) ∈ train data do
6: Calculate the loss value
7: end for
8: measurement← monitor.end window(“epoch”) ▷ End energy tracking
9: training energy← training energy + epoch energy

10: end for

separately. This ensures that no extra operations in the training phase interfere with our 528

measurements. In addition, all code used in this study is publicly available on GitHub 529

(available at https://github.com/amirzenoozi/layer-wise-pruning-in-mlps). 530

We recognize that using an MLP with a fixed configuration for training is a limiting 531

factor and does not provide the best performance for every dataset or pruning scenario. 532

For example, when working on a more complex dataset, we expect lower performance 533

due to a more complex task compared to classifying digits or clothes. Furthermore, 534

using CNNs leads to a higher accuracy [19, 56, 60, 61] for real-world problems because of 535

the feature extraction part of the models, which does not exist in the MLP 536

architectures. However, the model’s behavior is consistent and can be observed in all 537

experiments, regardless of the dataset. This allows us to focus on how pruning affects 538

the model’s overall sustainability, not just its performance on a specific dataset. 539

3 Results 540

In this section, the results achieved varying (i) sparsity level (i.e., 50% and 80%, 541

(ii) pruning technique (i.e., Pre-Training and SET), (iii) and pruning approach (i.e., 542

global vs layer-wise pruning) are presented and discussed. Each element of this 543

test-matrix is benchmarked against the dense models (i.e.,, fully-connected ANN with 544

0% sparsity). 545

First, in Sect. 3.1, we investigate the model’s accuracy in the test phase, its average 546

inference time, and the total inference energy, highlighting the best trade-off 547

combinations. 548

Next, in Sections 3.2 and 3.3 the energy consumptions and carbon dioxide emissions 549

estimations incurred during the training phase are investigated, respectively. There, we 550

also examine the power consumption and savings associated with the chosen pruning 551

approach. In Sect. 3.4, we compare the peak memory usage across all experiments, to 552

evaluate the impact of the different model settings on memory efficiency. 553

Additionally, Sect. 3.5 provides a detailed discussion of our observations on CNN 554

networks, where we examine model performance, analyze the trade-offs between the 555

training and test phases, and present a comparison of the energy consumption during 556

training. 557

Finally, in Sect. 3.6, we discuss the impact of the layer-wise approach on 558

domain-specific datasets using both MLPs and CNNs model architectures, which could 559

lead to future exploration of this method in real-world scenarios. 560
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3.1 Inference Efficiency 561

The main focus of our research revolves around model sustainability (especially at 562

inference time) and how pruning techniques affect its performance across different 563

settings. Herein, we focus on the trade-offs concerning test accuracy, inference time and 564

energy usage for the different models. 565

Table 1 shows the results for the MNIST and FashionMNIST dataset. In it, the 566

model’s performance across three key metrics, namely test accuracy (ACC), average 567

inference time (AIT), and total inference energy (TIE) are summarised. We report 568

those outcomes for both model sizes (i.e., small and medium scale), sparsity levels (i.e., 569

50% and 80%), approaches (i.e., global and layer-wise), and pruning techniques (i.e., 570

pre-training and SET). Note that sparsity level refers to the fraction of pruned neural 571

connections. The outcomes are reported as relative percentual difference to the 572

benchmark (i.e., classic training with the initial fully-connected dense network, with no 573

sparsity involved). 574

To evaluate the average inference time and total inference energy we ran the 575

experiments on the CPU rather than the GPU. This approach allowed for a fair, 576

consistent and comparable measurement across all experiments, as it removed any 577

performance bias that might arise from using different hardware configurations, as is the 578

case of high permance computing clusters. 579

The table shows that sparsity techniques can be efficiently applied to the hidden 580

layers of our MLP model while maintaining competitive performance. When compared 581

to the dense version of the model using the same architecture and same datasets, the 582

sparsified models show only minimal degradation in accuracy. Specifically, both 583

Pre-Training and SET approaches maintain accuracy within 2% of the dense baseline at 584

50% and 80% sparsity levels for the layer-wise approach. This suggests that significant 585

network compression can be achieved without substantially compromising model 586

performance. 587

The pruning approach choice plays an important role in terms of improvements, 588

especially for inference efficiency. Layer-wise pruning consistently matches or 589

outperforms global pruning in most configurations across all metrics. 590

In detail, when the MNIST dataset is considered, the best performance is observed 591

in the small-scale MLP model, with 50% sparsity, where the inference time improved by 592

approximately 33%, while the accuracy dropped by only 0.49% in the layer-wise 593

scenario for both SET and Pre-Training techniques. 594

Similarly, for the FashionMNIST dataset, the best results were achieved with the 595

medium-scale MLP model at 50% sparsity in the layer-wise scenario, where the average 596

inference time improved by around 23%, with only a 0.65% decrease in accuracy. 597

These results indicate that layer-wise pruning not only preserves model accuracy but 598

also offers significant computational advantages during inference. 599

The standard deviations across multiple runs are small, with variations within ±0.5% 600

for accuracy (ACC), ±3.2% for average inference time (AIT), and ±7.2% for total 601

inference energy (TIE). These fluctuations in inference time and energy consumption 602

can be attributed to minor variations in hardware load and resource scheduling during 603

the execution of the experiments. Since the inference phase was performed on a 604

standard CPU setup rather than a fully isolated environment, background processes and 605

system-level energy management will have slightly influenced the measurements. 606

While the results presented in Table 1 provide detailed numerical comparisons, they 607

do not fully capture the trade-offs between performance and efficiency metrics including 608

for instance average inference time and total inference energy. To address this limitation 609

and provide a more comprehensive understanding, we have generated additional 610

diagrams ( see Fig 3) to visualize these trade-offs among different pruning techniques 611

and sparsity levels for the combination of each dataset and model. 612
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Table 1. Model performances for the MNIST and FashionMNIST datasets. Test accuracy (ACC, %), average inference
time (AIT, s), and total inference energy consumption (TIE, J ), expressed as relative percentual differences to
benchmark values. The rows with a different background represent the best trade-off, and bold cells highlight the best
results for each metric.

Model
Scenario MNIST Fashion MNIST

Sparsity Approach Technique ACC AIT TIE ACC AIT TIE

S
m
a
ll
-s
ca
le

M
L
P

Benchmark (0% Sparsity) 96.55% 1.43e-4s 725.61J 87.15% 1.64e-4s 892.00J

50%

Global
Pre-Training -1.67 -13.98 -3.70 -1.4 -7.31 -17.88

SET -0.9 -14.68 -10.34 -1.06 -3.65 -20.44

Layer-wise
Pre-Training -0.49 -33.56 -40.40 -0.2 -10.36 -23.38

SET -0.49 -33.56 -44.57 -1.31 -9.14 -23.95

80%

Global
Pre-Training -6.4 -10.48 -45.69 -3.38 -7.31 -20.40

SET -3.28 -27.97 -47.19 -2.81 -7.92 -18.34

Layer-wise
Pre-Training -1.8 -27.27 -56.45 -1.20 -9.14 -22.09

SET -1.19 -20.27 -55.56 -1.49 -9.75 -22.84

M
ed
iu
m
-s
ca
le

M
L
P

Benchmark (0% Sparsity) 98.15% 2.741e-3s 898.56J 83.65% 2.91e-4s 1134.02J

50%

Global
Pre-Training -1.40 -7.29 -30.28 -0.99 -12.37 -19.55

SET -0.92 -8.39 -23.99 -0.77 -13.05 -17.77

Layer-wise
Pre-Training -0.92 -19.33 -23.88 -0.65 -23.02 -27.35

SET -0.91 -12.40 -22.41 -0.53 -19.24 -24.47

80%

Global
Pre-Training -5.55 -12.03 -19.89 -2.98 -16.49 -15.62

SET -5.21 -10.58 -23.19 -2.60 -15.46 -19.02

Layer-wise
Pre-Training -2.8 -21.52 -37.09 -1.63 -20.61 -22.71

SET -2.17 -19.70 -43.68 -1.27 -19.58 -22.23

Since our study evaluates multiple metrics, including accuracy, average inference 613

time, and total inference energy, it becomes necessary to reduce the dimensionality of 614

the comparison while keeping the most relevant information. For this purpose, we 615

introduce the Efficiency Index, which combines AIT and TIE into a single metric. Both 616

of these metrics reflect the efficiency of the model, where lower values indicate better 617

performance in terms of speed and energy usage. The Efficiency Index is calculated 618

using the following equation: 619

Efficiency Index = 1−
(
1

2

(
AIT

AITmax
+

TIE

TIEmax

))
(2)

where, AITmax and TIEmax represent the maximum values of AIT and TIE across 620

all experiments, respectively. This normalization ensures that both metrics are on the 621

same scale, with values ranging between 0 and 1. A higher Efficiency Index indicates a 622

more efficient model that performs faster and consumes less energy. 623

Fig 3 illustrates the trade-off between model accuracy (%) and Efficiency Index for 624
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Fig 3. Comparison of accuracy–efficiency trade-offs across two models and two
datasets. Each point represents one pruning experiment. Labels follow the format
Model Sparsity PruningApproach Technique, where (S) denotes Small-Scale, (M)
denotes Medium-Scale, (G) denotes Global pruning approach, (L) denotes Layer-wise
pruning approach, (PT) represents the Pre-Training technique, and (SET) refers to the
Sparse Evolutionary Training technique. Red dots marks the global pruning approach,
while blue dots marks the layer-wise approach, and the green “×” symbol marks the
benchmark dense model (i.e., 0% sparsity).

different pruning configurations. From these visualizations, it becomes clear that models 625

trained with the layer-wise approach achieve a better trade-off, showing higher accuracy 626

while maintaining lower energy and time consumption compared to the global pruning 627

method. By analyzing each pair of experiments with the same sparsity level, model 628

scale, and pruning technique, we can clearly see that the layer-wise approach 629

consistently outperforms the global pruning method under identical training conditions. 630

The comparable test accuracy between sparse and dense models, combined with the 631

improved inference times from layer-wise pruning, suggests that our sparsity approaches 632

provide practical benefits for efficient model deployment. 633

One main reason for this behavior in the layer-wise approach is that keeping all the 634

connections in the first and the last layer (i.e., input features and output classes, 635

respectively) helps the model to correctly match the input with the appropriate output 636

class. This ensures that the model can better map the features from the input to the 637

final decision. Indeed, by keeping all the connections in the first layer, a better feature 638

extraction from the input neurons is possible. By preserving these connections, the 639

model can capture and process raw input data more effectively, which is crucial for 640

accurate predictions. The consistent performance across two sparsity levels further 641

demonstrates the robustness of these techniques. 642

3.2 Training efficiency 643

This section evaluates energy consumption incurred for training, across the 644

experimental configurations, on the MNIST and on the FashionMNIST datasets. By 645

comparing the energy consumption of all considered techniques and scenarios to that of 646

the corresponding dense version, we observe an increase in the metric for all pruning 647

techniques, which was to be expected. This behavior is due to an increased number of 648

calculations undertaken during the training phase, incurred to find the weakest 649

connections to be eliminated. 650

Fig 4 shows the energy usage during the training phase for the small and medium 651

scales models, on the two datasets under scrutiny. The charts use zoomed y-axes to 652

highlight performance differences, with ranges starting from 150,000J to 400,000J for all 653

the plots. Across all experiments, layer-wise pruning consistently showcased lower 654

energy requirements compared to global pruning. Each bar represents the average value 655

obtained from the experimental repetitions, while the range markers indicate the 656

minimum and maximum values observed across all runs, showing the range of results. 657

Moreover, changing the pruning approach from global to layer-wise shows the similar 658

impact on saving the energy for both small- and medium-scale models. 659

These results were collected using the GPU over an HPC system for the training 660

phase, while the inference time and energy, discussed in Sect. 3.1, were measured using 661

the CPU to demonstrate the model’s performance and applicability in low-resource 662

situations. 663
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Fig 4. Comparison of training-phase energy profiles across two models and two
datasets. Each sub-figure presents five experiments including the two pruning
techniques (i.e., Pre-Training and SET) and two sparsity levels (i.e., 50%, and 80%)
and dense version of the model (i.e., 0% sparsity). In each figure, we zoom the y-axis to
show the differences between the global pruning approach that represented by blue bars
and the layer-wise scenario that represented by orange bars.

3.3 Environmental impact 664

By increasing the usage of complex and widespread models, the environmental impact 665

of their development and deployment is becoming increasingly crucial. While 666

performance metrics such as accuracy and efficiency are often the main focus, the 667

carbon footprint associated with training and using machine learning models is 668

frequently overlooked. Measuring CO2 emissions directly through libraries can be 669

difficult, but there are datasets available [62,63] that track CO2 emissions based on 670

energy consumption. By using these datasets, we can estimate the emissions generated 671

by such processes. According to the CO2 intensity dataset by Peng [62], the average 672

value of this metric between 2000 and 2017, measured in gCO2 per kWh, for the whole 673

world is 527.93, and we use this value to measure the CO2 emissions during the training 674

phase in this research. 675

Using the energy consumption metrics from Sect. 3.2 and the average carbon dioxide 676

intensity in the whole world, we estimate the CO2 emissions of the model training 677

phase. In all considered scenarios we achieve a reduction in CO2 emissions varying 678

between 6.48 and 10.48 gCO2 when using the layer-wise approach compared to the 679

global pruning approach. 680

In recent years, the growing demand for training complex AI models has raised 681

concerns not only about their computational cost but also about their environmental 682

impact. Power consumption during model training is an important metric that directly 683

affects the overall sustainability of machine learning systems. By converting the energy 684

usage from Joules (J) to Watt-hours (wH), we achieve a better understanding of the 685

electricity consumption required to train models. Training a model typically requires 686

more energy and time compared to the inference phase, making it a considerable factor 687

in energy usage. Moreover, as the number of AI models being trained continuously 688

increases, the cumulative impact on power consumption also increases. This metric is 689

especially important in the context of medium-scale AI research and production 690

environments, where training models can result in significant energy consumption. This 691

metric is able to potentially play a key role in future research focused on reducing the 692

environmental costs of machine learning and ensuring that AI development contributes 693

positively to both technological progress and sustainability. 694

The application of the layer-wise pruning approach led to a reduction in power usage 695

in all of our experiments compared to the global approach. Specifically, in these 696

experiments, the power consumption was reduced by amounts ranging from 1.26wH to 697

18.28wH, highlighting an improvement in power efficiency for the majority of the cases, 698

supporting the effectiveness of layer-wise approach in optimizing energy usage during 699

model training compared to the global approach. 700

3.4 Peak memory utilization during training 701

Understanding peak memory allocation during training is critical for optimizing 702

resource usage and avoiding hardware limitations. This metric captures the maximum 703

memory needed by the model, data, and intermediate computations at any point during 704

the training phase. High memory requests can lead to out-of-memory errors or forced 705

February 24, 2026 18/31



batch-size reductions, directly impacting training efficiency. In this section, we analyze 706

peak memory usage for our small- and medium-scale models, correlating it with 707

architectural choices (e.g., layer width, batch size) and different datasets. 708

Fig 5. Peak memory allocation during training all models and datasets. The results
highlight how model architecture and dataset complexity influence memory demands.

All four charts in Figs. 5 use zoomed y-axes to highlight performance differences. 709

The y-axes in Figs. 5a and 5c starts from 17 MB, and in Figs. 5b, and 5d starts from 710

180 MB. 711

An important observation highlighted in Fig 5 is that the layer-wise approach 712

always peaks less memory compared to the global approach. In addition, the observed 713

increase in peak memory usage with the SET technique in the medium-scale model 714

results from the increased complexity of the model, with three hidden layers and 715

4000-1000-4000 neurons. The larger model size, combined with SET’s dynamic pruning 716

approach, might lead to requiring more memory to store and manage weights. 717

3.5 Discussion on Convolutional Neural Networks 718

Convolutional Neural Networks (CNNs) have revolutionized the field of deep learning, 719

particularly in applications such as image classification and object detection [20–24]. In 720

the context of multi-class classification, CNNs are widely used to categorize data into 721

multiple classes, requiring the model to learn complex representations of each class. 722

However, as the depth and complexity of CNNs increase, so does the computational 723

cost, which poses challenges for deployment in resource-constrained environments. To 724

address this, pruning has emerged as an effective technique to reduce model size and 725

improve efficiency without sacrificing significant performance. 726

Moreover, selecting the right pruning method to keep the balance between model 727

efficiency and performance for CNNs is crucial due to the unique structure of these 728

networks. In addition to the fully-connected layers, which are responsible for 729

classification tasks, CNNs also contain convolutional layers that handle feature 730

extraction. These convolutional layers are highly sensitive to pruning techniques [25], 731

meaning that removing or altering them can significantly affect the model’s ability to 732

extract important features. 733

Designing experiments for MLP architectures is relatively straightforward (Sect. 734

2.2), as these networks are simpler and have a direct connection between the input and 735

output layers. However, for CNNs, the process is more complex due to their dual 736

structure, which consists of a feature extraction part (i.e., the convolutional layers) and 737

a classification part (i.e., the fully-connected layers). 738

In our previous work [25], we investigated the performance of CNN models with the 739

same pruning techniques of Sect. 2.1, which were are applied over the convolutional 740

layers globally. For this current study, we aimed to maintain consistency between 741

MLP-based experiments and CNN-based ones. To do so, we decided to apply both 742

layer-wise and global pruning exclusively to the classification part of the network. 743

Specifically, we preserved all connections between the feature extraction part and the 744

first layer of the classification section, as well as all connections in the last classification 745

layer. This experimental setup mirrors the approach used in the MLP model 746

experiments, allowing for a fair comparison. By doing this, we can directly compare the 747

results from the MLP networks to the more complex CNN networks. 748

To make our experiments more reflective of real-world scenarios, we decided to run 749

the CNN experiments on more complex and varied datasets. We used CIFAR-10 2.3.4 750

and EMNIST 2.3.3. In this way, we introduce a more practical and diverse challenge to 751

evaluate CNN pruning techniques. For our CNN experiments, we chose the VGG-16 752
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architecture for several reasons (as per Sect. 2.4.3). Furthermore, VGG-16 is suitable 753

for use in low-resource environments compared to other larger models. It is also not too 754

small or too large, allowing us to investigate our research questions effectively without 755

overwhelming computational resources [64–66]. 756

Table 2. Model performances for the CIFAR-10 and EMNIST datasets, evaluated using the VGG-16 architecture. Test
accuracy (ACC, %), average inference time (AIT, s), and total inference energy consumption (TIE, J ), expressed as
relative percentual differences to benchmark values. The rows with a different background represent the best trade-off,
and bold cells highlight the best results for each metric.

Model
Scenario CIFAR-10 EMNIST

Sparsity Approach Technique ACC AIT TIE ACC AIT TIE

V
G
G
-1
6

Benchmark (0% Sparsity) 91.36% 1.26e-3s 77.54J 86.25% 1.68e-3s 940.56

50%

Global
Pre-Training +0.04 -1.59 -31.42 +0.08 -18.67 -1.94

SET +0.11 -1.50 -23.78 +0.16 -3.67 -5.60

Layer-wise
Pre-Training +0.09 -1.23 -31.39 +0.17 -19.33 -9.69

SET -0.02 -1.59 -30.04 +0.12 -8.23 -14.16

80%

Global
Pre-Training +0.02 -3.17 -35.00 +0.23 -11.67 -10.49

SET +0.22 -3.76 -24.76 +0.27 -10.33 -14.84

Layer-wise
Pre-Training +0.20 -3.87 -44.57 +0.18 -9.50 -12.09

SET -0.13 -4.24 -31.51 +0.12 -12.34 -16.68

In terms of model performance, Table 2 refers to experiments conducted on the 757

VGG-16 architecture and two datasets, namely CIFAR-10 and EMNIST. Although the 758

accuracy of the model does not change significantly - and we observe similar 759

performance compared to the dense version - we can see that the sparse networks 760

require less energy and time during the test phase. 761

Furthermore, since the fluctuation in accuracy is observed to be less than 1 percent 762

in our experiments, we assume that these variations are not directly related to the 763

sparsification process. Such small differences in accuracy are expected, as achieving 764

identical results across multiple training runs is generally difficult. When the model is 765

trained several times, the outcomes tend to be very close, though not exactly the same. 766

The standard deviations across several runs are minimal, with accuracy (ACC) 767

varying within ±0.3%, average inference time (AIT) within ±3.7%, and total inference 768

energy (TIE) within ±5.2%. Besides the numerical comparison, the trade-off between 769

accuracy and efficiency is further illustrated in Fig 6, which provides a visual 770

representation of how the pruning configurations perform relative to the benchmark. As 771

observed, the layer-wise configurations are positioned more favorably than the global 772

ones, achieving higher accuracy with higher Efficiency Index values. This indicates that 773

layer-wise pruning delivers a better balance between accuracy and efficiency, confirming 774

its advantage over global pruning in terms of both performance and energy effectiveness. 775

The energy profiles during the training phase are shown in Fig 7, which illustrates 776

the energy consumption of training VGG-16 models on two datasets: CIFAR-10 and 777

EMNIST. The y-axis ranges for Fig 7a and Fig 7b differ because using the same range 778

would make it difficult to distinguish the variations in energy consumption between the 779

experiments for CIFAR-10. 780

The main observation from these figures is that training the VGG-16 on the 781
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Fig 6. Comparison of accuracy–efficiency trade-offs across two datasets on VGG-16.
Each point represents one pruning experiment. Labels follow the format
Model Sparsity PruningApproach Technique, where (S) denotes Small-Scale, (M)
denotes Medium-Scale, (G) denotes Global pruning approach, (L) denotes Layer-wise
pruning approach, (PT) represents the Pre-Training technique, and (SET) refers to the
Sparse Evolutionary Training technique. Red dots marks the global pruning approach,
while blue dots marks the layer-wise approach, and the green “×” symbol marks the
benchmark dense model (i.e., 0% sparsity).

EMNIST dataset requires more energy compared to CIFAR-10. Based on our 782

experiments, this difference is primarily due to the higher complexity of the EMNIST 783

dataset, which contains 62 classes, compared to CIFAR-10’s 10 classes. Additionally, 784

the samples in EMNIST are more similar to each other, which demands more energy to 785

extract features for classification. It is also important to note that the majority of the 786

energy is consumed by the feature extraction part of the model for both dataset, which 787

is a critical component of any convolutional network. Furthermore, applying layer-wise 788

sparsity approach successfully reduced energy consumption during the training phase 789

across all experiments compare to global pruning approach. 790

This finding is consistent with our results from the MLP models discussed in 791

Sect. 3.2. For CNNs, similar to the results seen with MLPs, using the layer-wise sparsity 792

approach led to reduced energy consumption compared to the global pruning approach. 793

Additionally, this approach resulted in faster model performance during the test phase. 794

Fig 7. Comparison of training-phase energy profiles across two datasets on VGG-16
architecture. Each sub-figure presents five experiments including the two pruning
techniques (Pre-Training and SET) and two sparsity levels (50%, and 80%) and dense
verison of the model (i.e., benchmark). In each figure, we zoom the y-axis to show the
differences between the global pruning approach that represented by blue bars and the
layer-wise approach that represented by orange bars.

3.6 Discussion on domain-specific datasets 795

In this section, we focus on a series of experiments conducted using the OctMNIST 796

dataset (Sect. 2.3.5), a medical image dataset chosen to evaluate model behavior on 797

more complex, domain-specific data. This kind of datasets presented additional 798

challenges for our experimental setup due to their higher resolution and the complexity 799

of the images. 800

In terms of training parameters, we initially trained the OctMNIST dataset (28× 28 801

pixels and 224× 224 pixels) using the same parameters as for MNIST or FashionMNIST. 802

However, this configuration showed poor performance, with the dense model failing to 803

exceed 50% accuracy across all experiments. To address this, we adjusted the 804

hyperparameters based on OctMNIST’s greater complexity: increasing the batch size 805

from 4 to 256 and reducing the LR from 1e-3 to 1e-5. These modifications improved 806

model convergence and performance, achieving a peak accuracy of 62%. Although not a 807

satisfying result, this was expected given the complexity of the medical dataset in 808

comparison to that of the chosen architectures. While increasing the model scale from 809

small to medium resulted in improvements across all performance metrics, namely 810

accuracy, average inference time, and inference energy, the performance of the dense 811

version of the model remained low, and applying pruning techniques, whether global or 812

layer-wise, led to a significant decrease in performance. For example, in some 813
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experiments, we observed a nearly 25% drop in accuracy after applying the pruning 814

techniques. 815

In terms of training energy, changing the dataset to OctMNIST shows contrasting 816

results compared to MNIST and FashionMNIST. We observed that the small-scale 817

model displays higher energy demands when processing more complex datasets. 818

Furthermore, as the input sample resolution increased from 28× 28 to 224× 224, the 819

difference between the global pruning scenario and the layer-wise scenario became more 820

noticeable. 821

The higher energy consumption in layer-wise pruning can be explained by two main 822

factors. First, there is extra overhead from computing gradients because layer-wise 823

pruning updates each layer one by one. During backpropagation, correction signals are 824

calculated separately for each layer. In OctMNIST, the complexity of the images causes 825

frequent data transfers between the GPU and memory as the results from each layer are 826

stored and retrieved. This in turn consumes more energy. On the other hand, global 827

pruning updates all layers at once, so there are no extra operations to handle individual 828

layers. This allows for parallel computations, which reduces memory transfers and 829

makes the process more efficient. 830

Second, idle hardware usage is another important factor that affects energy 831

consumption. GPUs perform best when all their processing cores are active [67,68]. 832

With global pruning, all layers are computed at the same time, keeping the GPU fully 833

utilized. However, in layer-wise pruning, there are idle periods between each layer’s 834

computation while the system prepares the next layer. These idle times are especially 835

noticeable when working with large batch sizes (like 256) and complex medical images, 836

leading to wasted energy. As a result, although layer-wise pruning works well for 837

simpler datasets like MNIST, its sequential approach is less energy-efficient for 838

OctMNIST, particularly when using small-scale models. 839

Regarding CO2 emissions and power consumption, both metrics are calculated based 840

on the energy used during the training process. Following the energy consumption 841

metric, we observe that for the experiments where the layer-wise pruning scenario was 842

not as effective, the power consumption only increased slightly. In the worst-case 843

scenario, the power usage increased by 2.01wH, which shows that the negative impact of 844

the pruning scenario on power consumption remained minimal, even when it did not 845

lead to the expected reduction in energy usage. Additionally, the CO2 emissions in the 846

worst-case scenario, where layer-wise pruning was less effective, increased by less than 847

1g in total. 848

While the primary focus of this study is on MLP networks, we also conducted these 849

additional experiments on CNN architectures (using the VGG-16 model) to reinforce 850

and validate our observations. These CNN experiments were performed using the same 851

OctMNIST dataset under similar configurations, particularly focusing on the impact of 852

pruning strategies (i.e. global, and layer-wise) on model performance and energy 853

consumption. The top accuracy achieved with various CNN models on this dataset has 854

been reported to be 77.6% [55,56], which aligns with the dense model’s accuracy 855

observed in our study, as presented in Table 3. 856

When switching to a CNN architecture, the same trends observed in the MLP 857

models are also seen. Table 3 highlights that using a more complex model, like the 858

VGG-16, leads to a significant increase in performance compared to MLPs. The 859

accuracy increases from under 50% in MLP models to nearly 76% in the VGG-16 model. 860

Additionally, when comparing energy consumption during training, we find that the 861

layer-wise pruning method uses less energy than the global pruning approach in all 862

experiments. Fig 8 shows the energy usage during training, where we zoomed in on the 863

y-axis. The current scale in the figure starts from 320,000J to 400,000J to focus on the 864

energy metric more clearly. 865
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Table 3. Model performances for the OctMNIST dataset, evaluated using the VGG-16
architecture. Test accuracy (ACC, %), average inference time (AIT, s), and total
inference energy consumption (TIE, J ), expressed as relative percentual differences to
benchmark values. The rows with a different background represent the best trade-off,
and bold cells highlight the best results for each metric.

Model
Scenario OctMNIST Metrics

Sparsity Approach Technique ACC AIT TIE

V
G
G
-1
6

Benchmark (0% Sparsity) 75.90% 1.32e-3s 156.76J

50%

Global
Pre-Training -1.22 -1.52 -2.23

SET -1.62 -3.03 -1.90

Layer-wise
Pre-Training +0.41 -3.03 -2.29

SET -0.27 -2.27 -2.05

80%

Global
Pre-Training -1.43 -3.58 -7.34

SET +0.27 -3.58 -6.45

Layer-wise
Pre-Training -1.08 -4.33 -8.19

SET -2.29 -4.58 -8.37

Fig 8. Comparison of training-phase energy profiles on VGG-16 architecture trained by
OctMNIST. Each sub-figure presents five experiments including the two pruning
techniques (Pre-Training and SET) and two sparsity levels (50%, and 80%) and Dense
verison of the model. In each figure, we zoom the y-axis to show the differences between
the global approach that represented by blue bars and the layer-wise approach that
represented by orange bars.

In conclusion, our experiments demonstrate that while the MLP architecture shows 866

consistent trends in energy footprint and inference time, the accuracy results are less 867

reliable, especially when using a domain-specific, medical dataset like OctMNIST. Upon 868

switching to a CNN architecture, we were able to achieve accuracy levels that closely 869

match those reported in the benchmark paper [55,56]. This highlights that model 870

architecture plays a crucial role in achieving high performance. Moreover, the layer-wise 871

pruning technique consistently outperforms the global pruning approach, leading to 872

better energy efficiency and faster inference times. These findings emphasize the 873

importance of selecting the right model architecture and pruning strategy to optimize 874

both performance and efficiency in neural network models. Future work could explore 875

more complex datasets and pruning techniques to further validate these observations 876

and refine model efficiency. 877

4 Conclusion and Future Work 878

This study evaluates MLP models across five critical dimensions: model architecture 879

(small-scale 2× 16 vs. medium-scale 4000-1000-4000 architectures), dataset complexity 880

(FashionMNIST, MNIST, OctMNIST), sparsity levels (50% vs. 80%), sparsity 881

techniques (Pre-Training vs. SET), and pruning approaches (global vs. layer-wise). 882

While the primary focus is on MLPs, we also explore CNN models, such as VGG-16, 883
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trained on OctMNIST, EMNIST and CIFAR-10 datasets, in a secondary analysis to 884

provide a broader perspective on pruning strategies and validate the findings in more 885

complex architectures used in image classification tasks. 886

Our experiments reveal that each combination of these factors produces distinct 887

performance-energy trade-offs, with layer-wise pruning consistently demonstrating 888

advantages compared to global pruning in most scenarios. Most importantly, we also 889

showcase that layer-wise pruning can provide significant savings in inference time (up to 890

33%) and inference energy usage (up to 56%) with minimal accuracy loss (less than 6%) 891

compared to the benchmark. For CNN models, the savings in average inference time 892

and total inference energy were up to 20% and up to 44%, respectively, with accuracy 893

loss remaining below 3%. 894

When aiming to achieve optimal model performance, it is crucial to recognize the 895

importance of training the model multiple times to ensure fine-tuning and achieve the 896

best possible performance. Fine-tuning the model typically requires several independent 897

runs, each with different seeds or hyperparameters, to identify the optimal configuration. 898

This process is essential to achieve reliable and consistent results. Sparse neural 899

networks are known to result in models that are faster and more energy-efficient during 900

the test phase, which makes them an attractive choice for deployment. In addition, 901

when it comes to the training phase, our findings indicate that layer-wise pruning 902

consumes less energy compared to global pruning. Despite this, both pruning 903

strategies—whether global or layer-wise—still require more energy than the dense 904

model. This is primarily due to the increased complexity introduced during the training 905

phase, where additional operations are required to apply the sparsity techniques across 906

the network. Thus, in continuous or iterative training conditions, where models require 907

frequent retraining to preserve their optimal accuracy, layer-wise pruning proves to be 908

the more sustainable and energy-efficient strategy with minimum performance decrease. 909

The primary insights from our analysis indicate that layer-wise pruning, when 910

applied with an appropriate model architecture can effectively reduce energy 911

consumption during inference. Additionally, the maximum memory allocation metric 912

provides valuable insight into energy consumption during training, as memory usage 913

directly impacts energy usage. This metric can be a useful alternative in scenarios 914

where direct monitoring of energy consumption is not possible. In addition, this 915

observation is not limited to MLP architectures and the same behavior is observed in 916

CNN architectures with more complex datasets. As we discussed in Sect. 3.5, training 917

the sparse model with the layer-wise approach requires less energy than training the 918

model where sparsity is applied globally across all layers. 919

While this study provides valuable insights, several areas remain unexplored, offering 920

significant opportunities for further research. One of the potential directions is to 921

explore convolutional layers, by applying pruning techniques specifically to the feature 922

extraction part of the network in a layer-wise manner. While applying the mid-training 923

sparsity technique for these complex architectures needs some modifications, these 924

architectures are able to achieve much higher accuracy in the dense version of the 925

model [61]. Moreover, another area to explore in the future is the use of transformer 926

models. These models have a different architecture compared to MLPs or CNNs, and 927

applying layer-wise pruning to them would require designing specific algorithms that fit 928

their structure. 929

Current magnitude-based pruning ignores the energy cost of memory access patterns. 930

Future studies should integrate hardware performance counters (e.g., DRAM bandwidth 931

utilization) directly into the pruning loss function, creating an energy-accuracy Pareto 932

optimization framework. For example, weights could be removed not just based on 933

magnitude but on their contribution to energy-intensive memory fetching. This aligns 934

with our finding that memory bottlenecks disproportionately affect small models on 935
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complex datasets, and could yield hardware-specific sparse architectures where the 936

‘energy footprint’ of each connection is explicitly optimized. 937

Furthermore, the energy efficiency of sparse networks must ultimately be validated 938

on the deployment hardware. Future work should co-design pruning algorithms with 939

edge device constraints, such as the memory hierarchy of ARM Cortex CPUs or Jetson 940

GPUs. For instance, pruning could enforce bank-aware sparsity patterns that match 941

SRAM burst lengths, minimizing energy wasted on partial memory fetches. This 942

direction directly develops our energy measurements by translating layer-wise pruning 943

benefits into actual battery life gains for portable OCT diagnostic tools, addressing the 944

real-world concept of our findings. 945

Moreover, exploring the performance of the models pruned using a layer-wise 946

approach or pruned globally on IoT devices, including smartphones or single-board 947

computers, presents a valuable direction for future research. While our focus in this 948

work has been on comparing model performance and training metrics, evaluating these 949

models in real-world environments such as smartphones or single-board computers 950

requires additional considerations. Mobile phones, for instance, often have multiple 951

background processes running due to various installed applications, which can impact 952

the available resources for running machine learning models. Similarly, when deploying 953

models on single-board computers, not only is high model performance necessary, but a 954

robust software architecture that supports running multiple models simultaneously is 955

also required. Future work could involve investigating these aspects more deeply by 956

measuring additional metrics such as real-time inference speed, power consumption, and 957

resource management efficiency, to ensure that models are both high-performing and 958

adaptable to constrained environments. 959

It would also be valuable to further explore the impact of layer-wise pruning on the 960

feature-extraction part of CNN architectures, which are among the most widely used in 961

classification tasks and industrial applications. Designing a robust strategy to prune 962

this part of the network could provide deeper insights into how layer-wise pruning works 963

in more complex models, possibly leading to more efficient networks. This is especially 964

relevant when using more complex datasets or domain-specific datasets like MedMNIST, 965

a medical dataset, or VisA and MVTech, which are used for anomaly detection in 966

industrial environments. These datasets are more challenging due to their higher 967

resolution and complexity, which makes them suitable for testing how well layer-wise 968

pruning scales in real-world scenarios. This research could provide more insights into 969

how pruning techniques perform in industrial applications and help improve model 970

efficiency. 971

Looking ahead, a promising avenue for future work could involve examining the 972

generalizability and transferability of pruning strategies from different 973

domains,particularly network science (NS). It would be interesting to investigate how 974

insights from NS could inform the development of more robust pruning strategies in 975

specialized real-world applications. 976

Supporting Information 977

S1 File. Additional experimental details and data required for the replication of the 978

study. 979
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29. Erdős P, Rényi A. On random graphs. I. Publ Math Debrecen.
2022;6(3-4):290–297. Available from: https://www.bibsonomy.org/bibtex/
2420b83c1533188c0b54bd1f6eea2b782/krevelen

30. Kalyanam LK, Katkoori S. Unstructured pruning for multi-layer perceptrons
with tanh activation. In: 2023 IEEE International Symposium on Smart
Electronic Systems (iSES). IEEE; 2023. p. 69–74. Available from:
https://doi.org/10.1109/iSES58672.2023.00025.

31. Medeiros CMS, Barreto GA. A novel weight pruning method for MLP classifiers
based on the MAXCORE principle. Neural Comput Appl. 2013;22(1):71–84.
Available from: https://doi.org/10.1007/s00521-011-0748-6

32. Thomas P, Suhner MC. A new multilayer perceptron pruning algorithm for
classification and regression applications. Neural Process Lett. 2015;42(2):437–458.
Available from: https://doi.org/10.1007/s11063-014-9366-5.

33. Lee N, Ajanthan T, Torr PHS. SNIP: Single-shot Network Pruning based on
Connection Sensitivity; 2019. Available from:
https://doi.org/10.48550/arXiv.1810.02340.

34. Fan C, Li J, Zhang T, Ao X, Wu F, Meng Y, et al. Layer-wise Model Pruning
based on Mutual Information. In: Proceedings of the 2021 Conference on
Empirical Methods in Natural Language Processing. Stroudsburg, PA, USA:
Association for Computational Linguistics; 2021. p. 3079–3090. Available from:
https://doi.org/10.18653/v1/2021.emnlp-main.246.

February 24, 2026 28/31

https://doi.org/10.1016/j.ijcce.2025.01.004
https://doi.org/10.1038/s41598-024-60709-z
https://doi.org/10.1016/j.mlwa.2021.100134
https://doi.org/10.3389/fcomp.2025.1563942
https://arxiv.org/abs/2311.12526
https://doi.org/10.1007/s11042-024-20523-1
https://doi.org/10.48550/arXiv.1803.03635
https://www.bibsonomy.org/bibtex/2420b83c1533188c0b54bd1f6eea2b782/krevelen
https://www.bibsonomy.org/bibtex/2420b83c1533188c0b54bd1f6eea2b782/krevelen
https://doi.org/10.1109/iSES58672.2023.00025
https://doi.org/10.1007/s00521-011-0748-6
https://doi.org/10.1007/s11063-014-9366-5
https://doi.org/10.48550/arXiv.1810.02340
https://doi.org/10.18653/v1/2021.emnlp-main.246


35. Tripp CE, Perr-Sauer J, Gafur J, Nag A, Purkayastha A, Zisman S, et al..
Measuring the energy consumption and efficiency of deep neural networks: An
empirical analysis and design recommendations; 2024. Available from:
https://doi.org/10.48550/arXiv.2403.08151.

36. Kamolov S. Optimizing model pruning for energy-efficient deep learning. Annals
of Mathematics and Computer Science. 2024;25:112–119. Available from:
https://doi.org/10.56947/amcs.v25.428.

37. Li H, Meng L. Hardware-aware approach to deep neural network optimization.
Neurocomputing. 2023;559(126808):126808. Available from:
https://doi.org/10.1016/j.neucom.2023.126808.

38. Widmann T, Merkle F, Nocker M, Schöttle P. Pruning for power: Optimizing
energy efficiency in IoT with neural network pruning. In: Communications in
Computer and Information Science. Communications in computer and
information science. Cham: Springer Nature Switzerland; 2023. p. 251–263.
Available from: https://doi.org/10.1007/978-3-031-34204-2_22.

39. Blalock D, Gonzalez Ortiz JJ, Frankle J, Guttag J. What is the State of Neural
Network Pruning? In: Dhillon I, Papailiopoulos D, Sze V, editors. Proceedings of
Machine Learning and Systems. vol. 2; 2020. p. 129–146. Available from:
https://proceedings.mlsys.org/paper_files/paper/2020/file/

6c44dc73014d66ba49b28d483a8f8b0d-Paper.pdf.

40. Liu Z, Li J, Shen Z, Huang G, Yan S, Zhang C. Learning Efficient Convolutional
Networks through Network Slimming. In: 2017 IEEE International Conference on
Computer Vision (ICCV); 2017. p. 2755–2763. Available from:
10.1109/ICCV.2017.298.

41. Tmamna J, Ayed EB, Fourati R, Gogate M, Arslan T, Hussain A, et al. Pruning
deep neural networks for green energy-efficient models: A survey. Cognit Comput.
2024;. Available from: https://doi.org/10.1007/s12559-024-10313-0.

42. Zhang B, Wang T, Xu S, Doermann D. Network pruning. In: Computational
Intelligence Methods and Applications. Singapore: Springer Nature Singapore;
2024. p. 131–217.

43. Belay K. Gradient and mangitude based pruning for sparse deep Neural
Networks. Proc Conf AAAI Artif Intell. 2022;36(11):13126–13127. Available from:
https://doi.org/10.1609/aaai.v36i11.21699.

44. Rathor VS, Singh M, Gupta R, Sharma GK, Sahoo KS, Bhuyan M. Towards
designing an energy efficient accelerated sparse convolutional neural network. In:
2024 IEEE 36th International Conference on Tools with Artificial Intelligence
(ICTAI). IEEE; 2024. p. 969–974. Available from:
https://doi.org/10.1109/ICTAI62512.2024.00139.

45. Ghosh SK, Kundu S, Raha A, Mathaikutty DA, Raghunathan V. HARVEST:
Towards efficient sparse DNN accelerators using programmable thresholds. In:
2024 37th International Conference on VLSI Design and 2024 23rd International
Conference on Embedded Systems (VLSID). IEEE; 2024. p. 228–234. Available
from: https://doi.org/10.1109/VLSID60093.2024.00044.

46. Wu S, Li G, Deng L, Liu L, Wu D, Xie Y, et al. L1 -norm batch normalization
for efficient training of deep neural networks. IEEE Trans Neural Netw Learn
Syst. 2019;30(7):2043–2051. Available from:
https://doi.org/10.1109/TNNLS.2018.2876179.

February 24, 2026 29/31

https://doi.org/10.48550/arXiv.2403.08151
https://doi.org/10.56947/amcs.v25.428
https://doi.org/10.1016/j.neucom.2023.126808
https://doi.org/10.1007/978-3-031-34204-2_22
https://proceedings.mlsys.org/paper_files/paper/2020/file/6c44dc73014d66ba49b28d483a8f8b0d-Paper.pdf
https://proceedings.mlsys.org/paper_files/paper/2020/file/6c44dc73014d66ba49b28d483a8f8b0d-Paper.pdf
10.1109/ICCV.2017.298
https://doi.org/10.1007/s12559-024-10313-0
https://doi.org/10.1609/aaai.v36i11.21699
https://doi.org/10.1109/ICTAI62512.2024.00139
https://doi.org/10.1109/VLSID60093.2024.00044
https://doi.org/10.1109/TNNLS.2018.2876179


47. Shi Y, Tang A, Niu L, Zhou R. Sparse optimization guided pruning for neural
networks. Neurocomputing. 2024;574(127280):127280. Available from:
https://doi.org/10.1016/j.neucom.2024.127280.

48. Tibshirani R. Regression shrinkage and selection via the lasso. J R Stat Soc
Series B Stat Methodol. 1996;58(1):267–288. Available from:
https://www.jstor.org/stable/2346178.

49. Hoerl AE, Kennard RW. Ridge regression: Biased estimation for nonorthogonal
problems. Technometrics. 1970;12(1):55–67. Available from:
https://doi.org/10.2307/1271436.

50. Xiao H, Rasul K, Vollgraf R. Fashion-MNIST: a Novel Image Dataset for
Benchmarking Machine Learning Algorithms; 2017.
doi:10.48550/arXiv.1708.07747. Available from:
https://arxiv.org/abs/1708.07747.

51. Cohen G, Afshar S, Tapson J, van Schaik A. EMNIST: an extension of MNIST to
handwritten letters; 2017. Available from:
https://arxiv.org/abs/1702.05373.

52. Krizhevsky A. Learning Multiple Layers of Features from Tiny Images; 2009.
Available from: https://api.semanticscholar.org/CorpusID:18268744.

53. Abouelnaga Y, Ali OS, Rady H, Moustafa M. CIFAR-10: KNN-based ensemble of
classifiers; 2016. Available from:
https://doi.org/10.48550/arXiv.1611.04905.

54. Unknown. CIFAR-10; 2009. Available from:
https://doi.org/10.24432/C5889J.

55. Yang J, Shi R, Ni B. MedMNIST Classification Decathlon: A Lightweight
AutoML Benchmark for Medical Image Analysis. In: IEEE 18th International
Symposium on Biomedical Imaging (ISBI); 2021. p. 191–195. Available from:
https://api.semanticscholar.org/CorpusID:225094295.

56. Yang J, Shi R, Wei D, Liu Z, Zhao L, Ke B, et al. MedMNIST v2-A large-scale
lightweight benchmark for 2D and 3D biomedical image classification. Scientific
Data. 2023;10(1):41. Available from:
https://doi.org/10.1038/s41597-022-01721-8.

57. Yang Z, Meng L, Chung JW, Chowdhury M. Chasing low-carbon electricity for
practical and sustainable DNN training; 2023. Available from:
https://doi.org/10.48550/arXiv.2303.02508.

58. Chung JW, Gu Y, Jang I, Meng L, Bansal N, Chowdhury M. Reducing Energy
Bloat in Large Model Training. In: Proceedings of the ACM SIGOPS 30th
Symposium on Operating Systems Principles. SOSP ’24. New York, NY, USA:
Association for Computing Machinery; 2024. p. 144–159. Available from:
https://doi.org/10.1145/3694715.3695970.

59. You J, Chung JW, Chowdhury M. Zeus: Understanding and Optimizing GPU
Energy Consumption of DNN Training. In: 20th USENIX Symposium on
Networked Systems Design and Implementation (NSDI 23). Boston, MA:
USENIX Association; 2023. p. 119–139. Available from:
https://www.usenix.org/conference/nsdi23/presentation/you.

February 24, 2026 30/31

https://doi.org/10.1016/j.neucom.2024.127280
https://www.jstor.org/stable/2346178
https://doi.org/10.2307/1271436
https://arxiv.org/abs/1708.07747
https://arxiv.org/abs/1702.05373
https://api.semanticscholar.org/CorpusID:18268744
https://doi.org/10.48550/arXiv.1611.04905
https://doi.org/10.24432/C5889J
https://api.semanticscholar.org/CorpusID:225094295
https://doi.org/10.1038/s41597-022-01721-8
https://doi.org/10.48550/arXiv.2303.02508
https://doi.org/10.1145/3694715.3695970
https://www.usenix.org/conference/nsdi23/presentation/you


60. Di Salvo F, Doerrich S, Ledig C. MedMNIST-C: Comprehensive benchmark and
improved classifier robustness by simulating realistic image corruptions; 2024.
Available from: https://arxiv.org/abs/2406.17536.

61. Doerrich S, Di Salvo F, Brockmann J, Ledig C. Rethinking model prototyping
through the MedMNIST+ dataset collection. Sci Rep. 2025;15(1):7669.
doi:10.1038/s41598-025-92156-9. Available from:
https://doi.org/10.1038/s41598-025-92156-9.

62. Peng X. Global carbon intensity of electricity.xlsx; 2023. Available from:
https://figshare.com/articles/dataset/Global_carbon_intensity_of_

electricity_xlsx/23592966.

63. Maps E. The Leading Resource for 24/7 CO2 Grid Data; 2017-2024. Available
from: https://www.electricitymaps.com/.

64. Deb N, Rahman T. An efficient VGG16-based deep learning model for
automated potato pest detection. Smart Agric Technol. 2025;12(101409):101409.
Available from: https://doi.org/10.1016/j.atech.2025.101409.

65. Lu Y. LSEVGG: An attention mechanism and lightweight-improved VGG
network for remote sensing landscape image classification. Alex Eng J.
2025;127:943–951. Available from:
https://doi.org/10.1016/j.aej.2025.06.053.

66. Khan MA, Auvee RBZ. Comparative analysis of resource-efficient CNN
architectures for Brain Tumor classification; 2024. doi:
10.1109/ICCIT64611.2024.11021970 Available from:
https://ieeexplore.ieee.org/document/11021970.

67. Lastovetsky A, Manumachu RR. Energy-efficient parallel computing: Challenges
to scaling. Information (Basel). 2023;14(4):248. doi:10.3390/info14040248.

68. Rofouei M, Stathopoulos T, Ryffel S, Kaiser W, Sarrafzadeh M. Energy-aware
high performance computing with graphic processing units. In: Proceedings of
the 2008 Conference on Power Aware Computing and Systems. HotPower’08.
USA: USENIX Association; 2008. p. 11. doi:10.5555/1855610.1855621. Available
from: https://dl.acm.org/doi/10.5555/1855610.1855621.

February 24, 2026 31/31

https://arxiv.org/abs/2406.17536
https://doi.org/10.1038/s41598-025-92156-9
https://figshare.com/articles/dataset/Global_carbon_intensity_of_electricity_xlsx/23592966
https://figshare.com/articles/dataset/Global_carbon_intensity_of_electricity_xlsx/23592966
https://www.electricitymaps.com/
https://doi.org/10.1016/j.atech.2025.101409
https://doi.org/10.1016/j.aej.2025.06.053
https://ieeexplore.ieee.org/document/11021970
https://dl.acm.org/doi/10.5555/1855610.1855621

	Related Work
	Methodology
	Sparsity techniques
	Pre-Training Pruning
	In-training Pruning based on SET - Sparse Evolutionary Training

	Pruning approaches
	Datasets
	MNIST
	FashionMNIST
	EMNIST
	CIFAR-10
	OctMNIST

	Models architecture
	Small-scale architecture
	Medium-scale architecture
	VGG-16 architecture

	Experimental design

	Results
	Inference Efficiency
	Training efficiency
	Environmental impact
	Peak memory utilization during training
	Discussion on Convolutional Neural Networks
	Discussion on domain-specific datasets

	Conclusion and Future Work

