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Abstract  
In this study, the hypothesis is examined whether Dropout masks can be used for 

structural pruning without further evaluating the importance of individual filters or 

weight. It was decided to compare a Dropout-based approach, which is based on the 

utilization of binary Dropout masks, with a classical L2-Norm-based pruning method.  

For this task, we manually designed an architecture of a convolutional neural network 

with a custom Dropout. The research undergoes the following phases: designing a mask 

generation mechanism, preprocessing data, training of model, implementing of pruning 

algorithms, and conducting experiments using the Imagenette2 dataset. Our idea is to 

determine whether Dropout pruning can offer a reliable alternative to traditional 

methods, especially under different levels of sparsity and stochasticity.  

Keywords:  Pruning, Dropout, L2, Convolutional Neural Network, Algorithm, Training, 

Binary Mask, Seed.  

 

 

 

 

 

 

 

 

 

 

 

 

 



 8 

Introduction  
Although CNNs have shown steady progress in the plethora of machine learning tasks. It 

caused increase in model sizes, high memory usage and longer training time.  

The deployment of deep networks in environments with limited resources, such as 

mobile devices, real-time applications and etc, becomes a very tough mission due to 

these issues. Researchers have proposed model compression methods to tackle these 

problems. One of the most popular approaches among scientists is pruning, which aims 

to remove superfluous parameters.  

On the one hand, typical traditional pruning methods, such as L1/L2 norms, gradient 

sensitivity or regularization (for more information refer to Section 1.2.2) algorithms, rely 

on computing importance scores for weights, filters or neurons. Nevertheless, they 

require extra computational expenses during the pruning process and often fine-tuning to 

recover accuracy.  

On the contrary, Dropout offers a simple way to reduce overfitting. As a stochastic 

regularization technique, it randomly zeroes out neurons or even feature maps during 

training. This behavior promotes sparsity within the network, which in turn resembles 

the effect of pruning. 

 

This leads to the question:  

Can the dropout binary masks be used after training to carry out pruning, without 

evaluating the importance of individual weights or filters? 

 
Objective of Study:  

We explore the potential of stochastic dropout masks for pruning in convolutional neural 

networks (CNNs). The study aims:  

• to inspect whether stochastic Dropout binary masks can be used for structured 

pruning of CNNs 
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• to compare the effectiveness of dropout-based pruning with custom L2-norm 

pruning method in terms of sparsity and model accuracy  

• to analyze the variability and stability of the Dropout pruning results with respect 

to different dropout rates and random seeds 

 

Research Tasks and Expected Outcomes: 

To address the main objectives, this study designs and trains convolutional neural 

networks with tailored dropout layers. It then applies both dropout-based and L2-

structured pruning techniques to compare their performance under varying dropout rates, 

random seeds and sparsity ratio.  

The aim is to assess how dropout-based pruning impacts model size and accuracy, and 

how stable the results are across different configurations. Additionally, that another goal 

is to explore whether dropout-guided pruning can be used reliably in practice. 
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Chapter 1. Literature Review  
1.1 Neural Network Compression 

1.1.1 Convolutional Neural Networks and the Problem of Scaling   
Convolutional neural networks (CNNs) are a class of artificial neural networks 

designed for processing data such as images. CNNs are composed of three main types of 

layers: convolutional, pooling and fully connected layers. Whereas the convolutional 

layers extract spatial hierarchies of features through learnable filters, pooling one reduce 

dimension and fully connected layers make final classification.  

The powerful side of CNNs is their ability to capture spatial and local correlations in 

data thanks to using shared weights and receptive fields. This allows CNNs to learn 

complex patterns, which makes them a standard tool in image classification, object 

detection and other computer vision tasks. [1] 

However, CNNs tend to become deeper and wider due to the substantial increase in 

complexity of tasks. This may lead to a massive growth in the number of parameters and 

required computational resources. For example, modern architectures such as LLaMA 

and PaLM incorporate millions of parameters, which makes them too resource-intensive 

in the learning and inference processes. [2]  

This increase in scale leads to three major challenges:  

• Memory consumption:  

“CNNs require substantial memory to store the data necessary to backpropagate the 

error (gradients of the activations with respect to the loss), and information about the 

computation of the gradients of the model parameters.” [3] 

• Energy efficiency: 

As stated in the article “Carbon Emissions and Large Neural Network Training” a model 

like GPT-3 (with 175 billion parameters) consumes 1.287 megawatt-hours of electricity 

and generates 552 tons of carbon emissions [4].  
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• Infrastructure Costs:  

High-performance hardware, such as GPU or TPUs, is essential, as it is the only way to 

handle the computational demands of large-scale CNNs. It typically involves significant 

investment-whether through cloud-based or on-premises systems.  

 

In response to the discussed issues model compression techniques have been developed.  

LeCun et al. (1989) were the first to propose the Optimal Brain Damage method, whose 

concept is to prune network weights based on their “saliency” score to reduce 

redundancy without serious harming performance [5]. This approach gave a rise for a 

boarder field of model compression: pruning, quantization and knowledge distillation.  

 

1.1.2 Overview of Key Approaches: Pruning, Quantization, Knowledge 
Distillation  
All of the model compression techniques have a common target, but the ways in which 

they achieve it differ significantly. Among the most widely used methods are pruning, 

quantization and knowledge distillation. They represent three principal areas in the field 

of neural network compression. 

 

1.1.2.1 Pruning:  
Pruning itself refers to the selective removal of neural network parameters (neurons and 

weights), which do not influence much to the network’s prediction. This process results 

in a more efficient and compressed model. One of the common pruning techniques is 

neuron pruning (depicted in Figure 2), which involves deleting entire neurons or filters 

from the network.  

Another one (depicted in Figure 1) is weight pruning. It identifies weights with minimal 

influence (mostly that with the smallest absolute values) and sets them to zero. A 

described method makes a sparse weight matrix that substantially decreases model size 

and computational demands [6].  
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         Figure 1. Weight pruning [7]                                     Figure 2. Neuron pruning [7] 
 

1.1.2.2 Quantization:  
Quantization is another key approach of neural network compression. It reduces the 

numerical precision of model weights and activations. Instead of the stаndart 32-bit 

floating point representation, parameters are converted into lower-bit formats (FP16 (16-

bit floating point), INT8 (8-bit integer) or even binary values). This approach decreases 

the memory footprint required to store the model and optimizes the runtime performance 

of the model [8].  

Quantizаtion is typically performed using one of two strategies: post-training 

quantization and quantization-aware training (known as QAT). The first method reduces 

the model size and precision after full training of the model. Although such technique is 

extremely effective, using it may lead to a drop in accuracy. In contrast, QAT takes the 

effect of quantization into account during training, which helps maintain the model 

accuracy even with low precision weights [9]. 

 

1.1.2.3 Knowledge Distillation:  
In 2015 Hinton et al. introduced a new method of model compression, called knowledge 

distillation [10]. The concept of this approach is to teach a smaller model (the student) to 

replicate the behaviour of a larger, more accurate model (the teacher). In comparison to 

the larger model, smaller one is not trained directly using only ground-truth labels. 

Instead, it is supervised using the probability distributions of the teacher model (known 
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as soft labels). These labels carry important information, which is a representation of 

teacher model’s confidence about different options, as illustrated in Figure 3.  

 

 

 

 

 

 

 
Figure 3. Knowledge Distillation [7] 

The crucial goal is to retain the essential information and decision-making capabilities 

necessary for specific tasks by extracting the knowledge from a large-scale model into a 

smaller counterpart. Although a smaller model may not match the teacher’s overall 

performance, it can still achieve similar results. [6] 

 

 

1.1.3 Model Compression Evaluation Metrics  
Accuracy is often the primary metric used when evaluating a compressed CNN.  

However, to fully understand the impact of compression, it is also crucial to take into 

account more specific factors like memory usage, inference time and proportion of 

parameters removed.  

Accuracy:  

Accuracy is defined as the proportion of correctly predicted examples over the total 

number of predictions made by the model. It is typically expressed as in (1) formula: 

(1)		𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 = 	
𝑁𝑢𝑚𝑏𝑒𝑟	𝑜𝑓	𝐶𝑜𝑟𝑟𝑒𝑐𝑡	𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛𝑠
𝑇𝑜𝑡𝑎𝑙	𝑁𝑢𝑚𝑏𝑒𝑟	𝑜𝑓	𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛𝑠

	× 	100% 
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Top-k accuracy:  

Top-k accuracy is a metric that measures the proportion of cases in which the correct 

class label is included among the top k most probable predictions made by the model. 

Top-1 and Top-5 concepts are regularly used values, where for Top-1 correct label must 

be the first prediction and for Top-5 correct label must appear among the top five. This 

accuracy provides a broader view of a model’s performance by evaluating its ability to 

yield reasonable guesses under high uncertainly [11].  

 

Pruned Ratio  

The pruned ratio (also called “sparsity”) metric quantifies the degree of model 

compression achieved through pruning. It can be defined as the proportion of parameters 

removed from the original (unpruned model), which is expressed in (2) formula:  

(2)		𝑃𝑟𝑢𝑛𝑒𝑑	𝑅𝑎𝑡𝑖𝑜 = 	
𝑁!"#$#%&' − 𝑁"()&#%#%$

𝑁!"#$#%&'
 

 

Where 𝑁!"#$#%&' is the total number of parameters in the original model, and, in turn,   

𝑁"()&#%#%$ is the number of parameters that remain after pruning. This metric helps to 

evaluate balance between compression efficiency and the preservation of model 

performance. [12] 
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1.2 Pruning: Types and Evolution of Approaches  

1.2.1 Classification of Pruning Methods Structured, Unstructured and Semi-
structured types of Pruning  
Pruning methods can be generally classified based on the granularity at which 

parameters are removed. The three main categories are unstructured pruning, which 

deletes specific weights, structured pruning, which removes groups of parameters such 

as filters, channels or neurons, and semi-structured pruning, which drops weights 

according to a fixed pattern (for example, a few weights in each row).  

1.2.1.1 Unstructured pruning: 
Unstructured pruning is the most finely grained method. It deletes individual weigths 

from the network without regard to their location in the tensor structure. Typically, this 

process is done by identifying weights with the smallest absolute values and setting 

them to zero.  

Let 𝑊 = 𝑤*, 𝑤+, …𝑤, denote the set of weights in a neural network and let 𝒟 =

{(𝑥# , 𝑦#)}#-+.  be the training dataset. Given a budget k for the number of non-zero 

weights, the unstructured pruning problem can be formulated as the following 

optimization task [13]:  

(3)		min
/

ℒ (𝑊;𝒟) = min
/

1
𝑁
OlQ𝑊; (𝒙𝒊, 𝑦#)S
.

#-+

, 	 subject	to	 |𝑊|* ≤ 𝑘 

In practice, a binary mask M is often used to indicate which weights are kept and which 

are pruned. This leads to an equivalent formulation (4): 

(4)	min
											/,3

ℒ (𝑊 ⊙𝑀;𝒟) = min
/,3

1
𝑁
OlQ𝑊 ⊙𝑀; (𝒙𝒊, 𝑦#)S
.

#-+

,subject	to	 |𝑀|* ≤ 𝑘 

Here, ⨀ - element- wise multiplication. The model is then fine-tuned or retrained using 

a fixed mask, which prevents the pruned weights from being updated.  

 



 16 

1.2.1.2 Structured pruning:  
The concept of structured pruning is based on removing entire structural components of 

a neural network. The given method was designed to maintain a structure that can be 

efficiently executed on standard hardware without the need for specialized sparse 

computation libraries.  

Let 𝑆 = {𝑠+, 𝑠4, … , 𝑠5} represent the set of parameter groups in each layer (channels or 

filters). Structured pruning selects a smaller subset 𝑆6 ⊆ 𝑆 that reduces model size while 

keeping performance degradation minimal, under a given pruning restriction[13]: 

(5)		𝑆6 = {𝑠+6 , 𝑠46 , … , 𝑠56 }, 	 where	 𝑠#6 ⊆ 𝑠# , 	 𝑖 ∈ {1, … , 𝐿} 

Instead of removing individual weights, this method removes whole parameter blocks. 

As a result, it produces compart and hardware-friendly models.  

 

1.2.1.3 Semi-structured Pruning:  
Semi-structured pruning is a less-explored approach. It applies sparsity in a structural  

Pattern, sitting between unstructured and structured pruning in tersm of granularity. 

Since the sparsity patterns in this method are less aggressive than in structured, the 

negative impact on model accuracy is generally lower. However, it is important to claim 

that the potential of semi-structed pruning remains under-explored, especially in modern 

transformer-based architectures [14].  

 

1.2.2 Main Pruning Strategies 
The pruning process in neural networks involves not only selecting the structural level 

(the differences between these types are described in Section 1.2.1) but also choosing a 

defensible approach for determining the importance of individual parameters. In other 

words, one must decide which weights or structures are less signifiсаnt for the model’s 

prediction and can be easily removed. This brings us to pruning strategies. These 

methods are used to assess and rank parameters for removal. In this paper we defined 

three strategies, which are considered the most important in both academic research and 
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practical utilization: magnitude-based pruning, gradient-based pruning, and 

regularization-based pruning. 

 

1.2.2.1 Magnitude-based pruning 
Magnitude-based pruning relies on the assumption that weights with smaller absolute 

values contribute less to the model’s output and are considered safe to delete without a 

huge effect on the model’s overall performance. This approach was described by Cheng 

et. al [13]. 

Formally, a binary mask 𝑚# is assigned based on the norm of each weight or weight 

group.  

(6)	𝑚# = 1	if	|𝑤#|+ ≥ 𝑎,  else	0 

In formula (6) a is a predefined threshold. Although the classical version is based only 

on weight magnitudes, it inspired more advanced methods. The good example is the 

Wanda method [15], a one-shot pruning technique designed for LLMs (large language 

models). The algorithm calculates the importance score, additionally using the strength 

of the input activation:  

(7)					𝑔#7 =	 q𝑤#7q ∗ s𝑥7s4 

This makes the method slightly more accurate while still keeping it simple to use.  

 

1.2.2.1.1 L2-norm-based Structured Pruning  
A commonly used structured pruning technique is based on the L2 norm of filter 

weights. In this approach, the importance of each filter is measured by its L2 norm, and  

filters with the smallest values are removed. Li et al. [16] introduced this method, which 

is a structured variant of magnitude-based pruning and it is typically applied after full 

model training.  

	(8)		ScoreL2(𝐹#) = |𝐹#|4 
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1.2.2.2 Gradient-based pruning  
Gradient-based pruning is a strategy that selects parameters for removal based on their 

estimated impact on the loss function, as derived from gradient information.  

Molchanov et al. [12] were first to propose a criterion that approximates the change in 

loss resulting from removing a feature map, using a first-order Taylor expansion.  

 

The pruning saliency of a feature map ℎ# is defined as in formula (9): 

(9)							ΘTE(ℎ#) = z
∂𝐶
∂ℎ#

⋅ ℎ#z 

Where 𝐶 is the cost function and the importance of a feuture map ℎ# is calculated by 

multiplying its by value with how much it affects the loss. Parameters with lower 

ΘTE(ℎ#) scores are considered less important and are pruned first.  

This approach is efficient because it uses gradients from backpropagation and works 

well across layers, especially when combined with normalization [12].  

 

1.2.2.3 Regularization-based pruning  
Regularization-based pruning introduces sparsity by modifying the loss function to 

penalize less relevant weights during training. The key difference that has this approach 

is that allowance to suppress unimportant parameters dynamically, as part of 

optimization process.  

In [17], the authors propose an extended loss function with weight-specific 

regularization (10):  

	(10)			𝐿}(𝑤~) = 𝐿(𝑤~) + λO�𝐼%,#,7 ⋅ q𝑤#,7% q
4�

%,#,7

 

Where 𝐼%,#,7 is an irrelevance score based on gradient magnitude:   

	(11)						𝐼%,#,7 = exp�− �
∂𝐿
∂𝑤#,7%

�� 

Weights with small gradients receive stronger penalties, which them toward zero.  
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1.2.3 Timing of Pruning: Pre-training pruning, During training pruning and 
Post-training pruning  
The timing of pruning affects the training cost and the final model performance. Based 

on when the pruning process is applied, we distinguish three paradigms: pre-training 

pruning, during training pruning and post-training pruning [13].  

Pre-training pruning is when pruning is applied before the training phase. The model 

is typically pruned at initialization and the sparse network is trained from scratch. This 

method is appropriate for reducing initial computational cost, but pruning effectiveness 

may suffer in the absence of learning signal. Often, pre-training relies on structural 

assumptions due to the lack of weight information at this stage. 

Pruning during training refers to methods where the model is gradually pruned while 

it is being trained. Since the sparsity changes throughout training, this approach lets the 

network adapt to pruning on the fly. However, it introduces obstacles like a need to 

handle pruning and training at the same time.  

In post-training pruning, the model is first fully trained and only then it can be pruned 

(optionally fine-tuned). This is the most commonly used techniques, since it saves model 

accuracy while simplifying the pruning process. Hence, pruning decisions can rely on 

actual weights and activation information, making this method powerful and effective.  

 

Strategy Pre-training 
phase  

During  
training  

Past-training 
phase 

Explanation 

Magnitude-
based  

Rarely used, 
not effective 

YES Most 
common 

Easiest to apply after training 
phase  

Gradient-
based 

NO YES Possible, 
but less 
reliable 

Requires access to gradіents, 
therefore during training 

Regularizat
ion-based  

NO YES NO Regularization acts only 
during training 

Table 1. Implementation phases of pruning techniques 
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1.3 Theoretical and Mathematical View of Dropout  

1.3.1 Introduction to Dropout 
1.3.1.1 Standard Dropout  
Initially, dropout is regulation technique, which prevents overfitting in neural networks. 

Most precisely, the primary idea is to randomly “drop” a subset of neurons during each 

training iteration (the essence of the process is depicted in Figure 4). Since such 

technique helps prevent units from co-adapting too strongly to each other, this forces the 

network to learn inessential representations and improves generalization.  

 
Figure 4. a) A standard neural net with 2 hidden layers,  

b) A neural net after appliance of dropout [18] 

From a high-level perspective, dropout can be represented as training an ensemble of 

many subnetworks that share parameters. Each subnetwork is formed by applying a 

random binary mask to the activations and during inference the full network is used with 

scaled weights. This approach works like averaging many models but is much faster to 

compute.  

Srivastava et al. [18] proposed mathematical interpretation. For a given layer input 𝑥 ∈

	𝑅< dropout applies masking using a binary vector z, where each element is sampled 

independently from a Bernoulli distribution:  

(12)					𝑥� = 𝑥 ⊙ 𝑧,	 𝑧# ∼ Bernoulli(𝑝) 
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where p is the probability of keeping a unit active. The mask z zeroes out some of the 

components of the input vector. During training the output is scaled as:  

(13)		𝑜𝑢𝑡𝑝𝑢𝑡 = 	
𝑓(𝑊(𝑥 ⊙ 𝑧))

1 − 𝑝
 

This scaling ensures that the expected output remains the same at test time when 

all units are active.  

1.3.1.2 Spatial Dropout  
Spatial Dropout (also known as Dropout2d) is a variant of standard dropout made 

specifically for CNNs. The idea is not randomly drop individual activations, but drops 

entire feature maps (channels). This helps reduce the dependency between channels.[19] 

Mathematical formulation can be represented as:  

Let 𝑥	 ∈ 𝑅=	×?×/ be the input tensor, where C is the number of channels. Spatial 

Dropout is applied as follows:  

(14)					𝑥�@,:,: = 𝑥@,:,: ⋅ 𝑧@ , 	 𝑧@ ∼ Bernoulli(𝑝) 

where  

• 𝑥� is the output after applying Spatial Dropout 

• 𝑧@ 	 ∈ {0, 1} is a random binary variable shared across all spatial positions in 

channel c 

• p is the probability of keeping a channel active.  

 

 1.3.2 Dropout as Variational Approximation of Bayesian Inference   
While dropout was originally introduced as a heuristic regularization technique to 

reduce overfitting in DNNs, Gal and Ghahramani [20] showed that it can be 

reinterpreted as a form of approximate Bayesian inference in deep models. In particular, 

they demonstrated that applying dropout during training is mathematically equivalent to 

preforming variational inference in a probabilistic model with a specific Bernoulli 

variational distribution over the weights.  
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1.3.2.1 Variational Inference Perspective:  
In Bayesian neural networks the goal it to estimate the posterior distribution over 

weights 𝑝(ω ∣ 𝒟 ) , where 𝒟 = {(𝑥%, 𝑦%)}%-+.  is the training dataset. Variational 

inference is used to approximate it with a smaller distribution 𝑞(ω) (as computing 

exactly is insoluble) by minimizing the variational lower bound. This is represented in 

formula (12):  

(15)			ℒELBO = O𝐸D(F)[log 𝑝 ( 𝑦% ∣∣ 𝑥%, ω )]
.

%-+

− KLQ𝑞(ω) | 𝑝(ω)S 

 In the case of dropout itself, the variational distribution 𝑞(𝜔) is defined via Bernoulli-

distributed multiplicative masks, which are applied to the weights or activations. For a 

weight matrix 𝑊 ∈ 𝑅H×I, the variational form is represented in formula (16):  

(16)					𝑊 = 𝑀 ⋅ diag(𝑧), 	 𝑧7 ∼ Bernoulli(𝑝) 

Where M are the variational parameters and y are randomly selected binary values for 

each neuron.  

 

1.3.2.2 Dropout Objective as Approximate Variational Loss:  
Gal and Ghahramani [20] show that the standard dropout training objective can be 

viewed as a Monte Carlo estimate of the ELBO with a single stochastic sample 

𝑤(J)~𝑞(𝑤). This leads to the practical loss function:  

(17)ℒKLM3= ≈
1
𝑁
O

−log 𝑝 Q 𝑦% ∣∣ 𝑥%, 𝜔(%) S
𝜏

.

%-+

+O�
𝑝# ⋅ 𝑙4

2τ𝑁
‖𝑀#‖44 +

𝑙4

2τ𝑁
‖𝑚#‖44�

5

#-+

 

 

• 𝝉 is the model prediction 

• l is the prior length scale 

• 𝑴𝒊 are variational parameters 

• 𝒑𝒊 is the dropout retention probability for layer i 
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This expression looks similar to the standard dropout loss with L2 regularization, but 

now it has a clear theoretical meaning as an approximate.  

1.3.2.3 Predictive Uncertainly and Monte Carlo Dropout  
By treating Dropout as a variational approximation, one can use Monte Carlo sampling 

to estimate how uncertain the model is in the predictions. Monte Carlo Dropout method 

involves performing multiple stochastic forward passes at test time dropout enabled and 

aggregating results.  

To estimate the model’s predictive mean for a new input 𝑥∗, we sample T different sets 

of dropout masks and average the outputs [20]:  

(18)		𝐸DO𝑦∗∣∣𝑥∗ Q(𝑦
∗) ≈

1
𝑇
O𝑦£∗(𝑥∗,𝑊+

J, … ,𝑊5
J)

R

J-+

 

To obtain the predictive variance, we use the second raw moment of the output and 

subtract the squared mean:  

(19)		VarDO𝑦∗∣∣𝑥∗ Q(𝑦
∗) ≈ τM+𝐼I +

1
𝑇
O𝑦£∗Q𝑥∗, (𝑾𝟏

𝒕 , … ,𝑾𝑳
𝒕 )S

R
𝑦£∗(𝑥∗,𝑊+

J, … ,𝑊5
J)R

R

J-+

 

−𝐸DO𝑦∗∣∣𝑥∗ Q(𝑦
∗)R𝐸DO𝑦∗∣∣𝑥∗ Q(𝑦

∗) 

Where  

• 𝑦£∗(𝑥∗,𝑾𝟏
𝒕 , … ,𝑾𝑳

𝒕 )Ris the prediction at the t-th stochastic forward pass with 

dropout 

• 𝜏M+𝑰𝑫 is a fixed value that represents the noise in the model’s outputs  

• the second term is the empirical second moment  

• the third term subtracts the squared predictive mean 
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Chapter 2. Methodology and Experimental Setup 
2.1 Research Problem and Methods    
2.1.1 Problem Statement 
Consider a neural network with parameters 𝜃, consisting of 𝐿 layers:  

(20)							𝜃 = {𝜃(+), 𝜃(4), … , 𝜃(5)} 

Here, 𝜃(') refers to the parameters of the 𝑙-th layer. When training with Dropout random 

binary masks are applied to the activations throughout the forward pass. For layer 𝑙 , we 

denote a binary mask by  𝑚(') ∈ 	 {0, 1}<!, where 𝑑' is the number of output neurons or 

channels in that layer.  

The set of all masks generated during training can be represented as:  

(21)			𝑀 = 	 {𝑚#
(+), 𝑚#

(4), … ,𝑚#
(5)}#-+,  

where K is the number of training iterations or distinct seeds used. [22] 

Main Idea: Dropout-based Pruning 

The core hypothesis of this work is that Dropout masks can be repurposed for pruning 

after training. 

Instead of computing importance scores for parameters, we use a binary mask 𝑚(') for 

each layer to guide structured pruning. Specifically, we define the pruned parameters of 

each layer as:  

(22)					𝜃W"X%(<
(') =	𝜃(')	⨀𝑚(') 

When the binary mask contains zeros, it removes corresponding filters or neurons. 

In convolutional layers, where weights have shape 𝜃(') ∈ 	𝑅="#$×=%&×,×,, a mask 𝑚(') ∈

{0, 1}="#$ can be applied to drop specific output channels.  

This results in pruning according to the rule:  

	(23)			𝜃W"X%(<[#]
(') =	 ¨

𝜃[#]
('),								𝑖𝑓	𝑚#

(') = 1

0,													𝑖𝑓	𝑚#
(') = 0	

 

What starts as a stochastic regularization step during training is later reused as a 

deterministic rule for pruning filters.  
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2.1.2 Dropout-based Pruning 
Dropout-based pruning technique consists of three main stages: 

(1)  Dropout mask generation  

(2)  Application of the mask for structured pruning  

(3)  Weight rescaling  

2.1.2.1 Custom Dropout Implementations 
We implemented two custom layers: one designed for fully connected layers and another 

for convolutional Layers. It helps control how dropout is operationalized in the course of 

training phase.  

2.1.2.1.1 Custom Dropout for Linear Layers 
This layer randomly deactivates neurons. Unlike standard dropout, it allows setting a 

fixed random seed to have an ability to generate the same mask repeatedly. Moreover,  

It supports runtime modification of the dropout rate, keeping flexibility during training.  

Pseudocode: 

Function: CustomDropout.forward(x, seed =None, p=None) 
Inputs: 
 x   -- input tensor of shape (B – batch_size, N – number of features) 
 seed   -- optional fixed seed  
 p   -- dropout rate (default: self.default_p) 
Steps: 
1. Set dropout_p = p if given, else use default_p 
2. If a seed value is given:  
 Set the random seed in PyTorch using  torch.manual_seed(seed) 
3. If model is in training mode:  
 - Generate binary mask of shape (1, N) using Bernouli (1 – p) 
 - Multiply input x by the mask 
 - Divide the result by (1 - p) to maintain output scale 
 - Return scaled result  
4. Else: 
Return x unchanged 



 26 

2.1.2.1.2 Spatial Dropout for Convolutional Layers 
This layer drops entire channels in the input by applying a binary mask across the 

channel dimension. It can effectively simulate spatial dropout behaviour. As with the 

custom dropout for linear layers, it supports setting a fixed random seed and dropout 

rate.  

Pseudocode:  

Function: SpatialDropout.forward(x, seed =None, p=None) 
Inputs: 
 x   -- input tensor of shape (B – batch_size, С – channels, H – Height,  

                  W – Weight) 
 seed   -- optional fixed seed  
 p   -- dropout rate (default: self.default_p) 
Steps: 
1. Set dropout_p = p if given, else use default_p 
2. If a seed value is given:  
 Set the random seed in PyTorch using torch.manual_seed(seed)  
3. If model is in training mode:  
 - Generate binary mask of shape (1, C, 1, 1) using Bernoulli (1 – p) 
 - Multiply input x by the mask 
 - Divide the result by (1 - p)  
 - Return scaled result  
4. Else: 
Return x unchanged 
 
2.1.2.2 Dropout Mask Stages 
For each prunable layer in the model (such as Conv2d or Linear), we generate a binary 

mask by sampling from a Bernoulli distribution with the success probability 1 − 𝑝, 

where 𝑝 is the dropout rate. The generated mask is then scaled +
+MW

 due to the aim to 

preserve the expected output magnitude.  
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Pseudocode: 

Function: generate_dropout_mask_for_pruning(module, dropout_rate, seed = 

None) 

Inputs:  
 module    -- A NN layer (Conv2d or Linear) 
 dropout_rate   -- Dropout probability (float in range of [0, 1]) 
 seed     -- Seed (optional) to fix random bahaviour 
Output: 
 mask     -- dropout mask scaled by 1/ (1 – dropout_rate) 
Steps: 
1. If a seed value is given:  
 It sets the random generator so that the same mask is created every time 
2. If the module is Linear: 
 -  Let N be the number of output neurons 
 -  Generate a binary mask of shape (1, N) where each element:  
  m_i = 1 with probability (1 – dropout_rate), otherwise 0  
           -  Scale the mask by dividing all elements by (1 – dropout_rate) 
3. Else if the module is of type Conv2d 
 - Let C be the number of output channels 
 - Generate a binary mask of shape (1, C, 1, 1) where each element: 
  m_i = 1 with probability (1 – dropout_rate), otherwise 0 
 - Scale the mask by dividing all elements by (1 – dropout_rate) 
4. Else:  
 Raise an error indicating an unsupported layer type. 
5. Return the scaled dropout mask 
 
Once masks are generated for each layer, we can utilize them for structured pruning. The 

torch-pruning library is used to build a dependency graph. This step is quite crucial as 

the graph secures that pruning does not break the model architecture. Then we have to 

compensate the active units, since after pruning the number of them decreases. To 

achieve this, the remaining weights and biases are adjusted to keep the same output 

magnitude as in the original model. 
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2.1.3 L2-Norm Pruning 
L2-norm pruning is a well-known magnitude technique that ranks convolutional filters 

or output neurons by their L2 norm and removes those with the lowest values. The 

contribution of filters with low L2 norm values to the final output is minimal, that is 

why they can be considered less important. L2-norm pruning is usually applied at the 

structured level, so rather than deleting individual weights, this method removes entire 

filters for convolutional layers or neurons for fully connected layers. The sparsity is 

matched to the dropout rate used in the dropout-based experiments. This factor supplies 

a fair comparison between the two strategies.  

Unlike the dropout approach, the given one does not require stochastic behaviour or the 

use of masks, alternatively it relies directly on the trained model weights. A dependency 

graph is used to keep architectural consistency. After pruning the model is preferably 

fine-tuned to recover any performance loss. 
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2.2 System Configuration 

2.2.1 Model Design 
Convolutional, pooling and fully connected layers form the basic building blocks of 

CNN architectures. Typically arranged in repeating blocks, convolutional layers extract 

features, pooling layers reduce spatial resolution, and fully connected ones perform 

classification. [1] 

At the early stages, convolutional filter – usually small and learnable – scan local 

regions of the input to extract patterns, resulting in an activation map. The ReLU 

function introduces non-lineority into the model, making it capable of learning beyond 

linear relationships. 

Pooling layers, often implemented as max-pooling, downsample feature maps while 

preserving their depth. This reduces the number of parameters and helps the network to 

be invariant to small translations in the input. Finally, the extracted feature maps are 

flattened into a vector and passed to one or more fully connected layers. They generate 

predictions via softmax.   

Such a structure makes CNNs effective for image classification, object detection and 

other machine learning tasks.  

 

2.2.2 Data Description and Preprocessing 
Image classification datasets consist of labeled images, where each label indicates the 

category of the corresponding image. These datasets are usually divided into training, 

validation and test sets to allow for proper evaluation of model performance.  

The images are usually stored in RGB format, and their associated labels are either 

categorical integers or transformed into one-hot encoded vectors.  

Before training image data should be preprocessed in order to standardize their format 

and improve the model’s ability to learn effectively. All images are resized to a fixed 
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resolution (for example, 64 × 	64 or 128 × 128 pixels) to standardize input dimensions 

throughout the dataset.  

To improve the robustness of the model and increase data variability, augmentation 

techniques are commonly utilized. The most popular one are horizontal flipping, 

cropping, rotation or brightness modification.  

2.2.3 Training phase  
The training process helps the model learn patterns that generalize and lead to accurate, 

reliable resuls. The optimization objective is to minimize the categorical cross-entropy 

loss function: 

	(24)					𝑅ℒ(𝑓) = 𝐸I[ℒ(𝑓(𝑥; θ), 𝑦\)] = −
1
𝑛
OO𝑦#7

@

7-+

log 𝑓7 (𝑥#; θ)						[21]
%

#-+

 

where in formula (24):  

• 𝑅ℒ(𝑓) – the empirical risk of the classification function 𝑓 

• 𝐸I – the expectation  

• 𝑓(𝑥; 𝜃) – the model function with parameters 𝜃 

• 𝑦#7 ∈ {0, 1} – the ground truth label 

• 𝑓7(𝑥#; 𝜃) – the predicted softmax probability 

Training is commonly performed using mini-batch optimization. So parameters are 

updated based on subsets of data rather than the full dataset. An adaptive optimization 

method (for instance, Adam) is suitable as it has an ability to adjust learning rates 

individually for each parameter. 

Learning rate scheduler reduces the learning rate 𝜂 when the validation loss stops 

improving for a specified number of epochs. Mathematical representation:  

(25)						𝜂%(] = 	𝛾 ∗ 𝜂W"(^,								𝑤ℎ𝑒𝑟𝑒	𝛾	 ∈ (0, 1) 

Another useful mechanism is early stopping, which checks the validation loss and stops 

training if no improvement is observed over a given number of epochs (usually called 

“patience”).  
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Chapter 3. Experiments and results 
3.1 Experiment Preparation 

3.1.1 Dataset Description and Preprocessing 
The dataset used in this work is Imagenette2 [23], a simplified version of ImageNet 

dataset that includes only 10 selected classes. It is often chosen for benchmarking image 

classifiers, as it is compact and well-structured. A detailed description of the dataset 

format and general preprocessing step is provided in Section 2.3. 

For this experimental setup, the dataset was divided into separate training and validation 

subsets, each representing one of the ten target categories:  

CLASS ID CLASS NAME 

0 Tench  

1 English Springer 

2 Cassette Player  

3 Chain Saw  

4 Church 

5 French Horn  

6 Garbage Truck 

7 Gas Pump 

8 Golf Ball  

9 Parachute 

Table 2.10 Classes of Imagenette2 dataset 

All images were resized to 128	 × 	128 pixels to ensure same image dimensions.  

For the training set, the following data augmentation and normalization steps are 

applied:  

• random horizontal flipping with 50% probability, which adds diversity to data and  

reduces the risk of overfitting 

• conversion to tensor format  
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• normalization to the range [-1, 1], using mean and standard deviation of 0.5 for 

each channel  

(26)							𝑁𝑜𝑟𝑚𝑎𝑙𝑖𝑧𝑒𝑑	𝑝𝑖𝑥𝑒𝑙 = 	
𝑝𝑖𝑥𝑒𝑙 − 0.5

0.5
 

For the validation set, horizontal flipping was not applied. 

3.1.2 Model Design 

 
Figure 5. Model architecture 

The model consists of three convolutional layers with 64, 128 and 256 filters. Each of 

them followed by a custom spatial dropout layer (see Section 2.1.2.1.2). Afterwards, the 

features are passed to a fully connected layer with 512 units and a custom dropout 

module (see Section 2.1.2.1.1).  

The final layer maps the output to 10 classed. In general, the architecture contains 

around 33.9 million parameters, most of which are in the first linear layer.  
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3.2 Experiment 1: Dropout-based vs. L2-Norm Pruning 

3.2.1 Focus and Research Questions 
This experiment addresses the first two objectives outlined in the introduction:  

• Q1: Can stochastic Dropout binary masks be utilized as a basis for structured 

pruning in convolutional neural networks?  

• Q2: How does Dropout-based pruning compare to a classical L2-norm-based 

pruning method in terms of accuracy and sparsity level? 

 

3.2.2 Experiment 1.A: Comparison of Dropout-based vs. L2-Norm Pruning 
(No Mask Control) 
 
3.2.2.1 Initial Training Setup  
CNN model was trained on the Imagenette2 dataset with custom SpatialDropout and 

CustomDropout layers. The dropout rate during training was fixed to 0.5 and seed is not 

specified.  

The model followed the given training configuration: 

Parameter Initial training Fine-Pruning Fine-Tuning 

Configuration  

Batch size 64 64 

Number of epochs 20 25 

Optimizer Adam Adam 

Learning rate 0.001 0.0005 

Early stopping 5 5 

Loss function Categorical cross-entropy Categorical cross-entropy 
Table 3. The training configuration for first experiment  

The overall accuracy of the model is 67.69%,  
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3.2.2.2 Results for Dropout-based Pruning  
After training, Dropout-based pruning was applied by generating binary masks (The 

detailed description of the mechanism of Dropout-based pruning is in the Section 2.1.2).  

We repeat the experiments with multiple dropout rates from 0.0 to 0.9 (step 0.1).  

The results at each level:  

 
Figure 6. Results of Dropout-based Pruning with dropout rates in range of (0, 1) with step =0.1 

As shown in the results (Figure 6), increasing the dropout rate leads to a steady decrease 

in model accuracy. For instance, when dropout rate is 0.3 (the corresponding coefficient 

of sparsity is approximately 56%), accuracy remains relatively similar – 62.65%. 

However, beyond this point the decline becomes more significant. At a sparsity rate of 

0.85 accuracy fell to 47.77%, and with 0.99 the model preserved only 16.48% accuracy.  

This demonstrates the trade-off between model compression and predictive 

performance: restrained sparsity can keep acceptable accuracy, but aggressive pruning 

remarkably affects the model’s performance.  
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3.2.2.3 Results for L2-Norm Structured Pruning 
For comparison to Dropout-based pruning, we applied a self-implemented L2-norm 

pruning algorithm to the second model. (The detailed description of the working 

mechanism of L2-Norm Structured Pruning is in the Section 2.1.3). 

The lowest-ranked units were removed to match the pruning ratios of the dropout-based 

method (for example, pruning at 10%, 20%, …. 90%): 

 
Figure 7. L2-Norm Pruning Results aligned with equivalent Dropout Sparsity Settings 

According to the results presented in Figure 7, increasing the L2-based pruning ratio 

also gradually reduces the model’s accuracy. With pruning, the network size is reduced, 

while keeping robust performance at moderate sparsity levels. 

For example, at a dropout rate of 0.3, which corresponds to about 50.7% sparsity, the 

model yields good results - 65.27% accuracy. Once the dropout ratio exceeds 0.5, the 

accuracy begins to go down more noticeably (The accuracy drops to 61.5%). When 

more than 90% of parameters removed, the model’s accuracy collapses to 43.29%.  
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3.2.2.4 Result Comparison  

 
Figure 8. Dropout-based vs. L2-Norm Pruning 

The results demonstrate that Dropout-based pruning can indeed be used as a pruning 

mechanism. The binary masks generated during Dropout training are capable of 

identifying redundant units and can be used for structured pruning. However, the ability 

to maintain accuracy depends on the degree of sparsity. 

Comparing the two curves, L2-structured pruning outperforms Dropout-based pruning 

across most sparsity levels. The Dropout-based model experiences a sharper decrease. 

For example, at around 75% sparsity, the accuracy of L2 pruning is close to 61.5%, 

whereas Dropout pruning drops between 53 and 56 percent.  
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3.2.2.5 Fine-Tuning After Pruning: Enhancement of Model Performance 
To further investigate the pruning bnehavior and assess whether post-pruning retraining 

can recover model performance, we applied fine-tuning to both Dropout-based and L2-

pruned networks. In this experiment, a pruning ratio matching to a dropout rate of 0.5 

was used.  

The fine-tuning was fulfilled over 10 epochs using the Adam optimizer with a learning 

rate of 1 × 10M_.  

 
Figure 9. Fine-tuning results 

For Dropout pruning the model’s accuracy before fine-tuning was relatively low at 53% 

and after fine-tuning it improved to 62.5%, demonstrating a significant recovery of 9.5 

percentage points. On the other hand, the L2-pruned model started with a higher 

accuracy of 61.5% and enhanced to 66.6% after retraining, yielding a smaller growth of 

5.1%. This leads to the idea that while L2 pruning preserves more of the model’s 

original performance, Dropout pruning benefits more from retraining, likely due to its 

more stochastic and intensive pruning approach.  
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3.2.3 Experiment 1.B: Comparison. Of Dropout-based vs. L2-Norm Pruning 
(With Control Mask Pool) 
3.2.3.1 Initial Training Setup  
In this experiment, the CNN was trained using pool of 10 random seeds to simulate set 

of Dropout masks. The model followed the training configuration described in Table 4. 

Parameter Initial training 

Batch size 64 

Number of epochs 23 

Optimizer Adam 

Learning rate 0.0001 

Early stopping 5 

Loss function Categorical cross-entropy 

Table 4. The training configuration for second experiment 

During each training batch, one of these 10 seeds was randomly selected for 

generation of binary mask, introducing structured stochasticity while controlling 

the variability. This approach guarantees that the model becomes familiar to a 

specific subset of Dropout configurations, which is extremely crucial for later 

analysis that rely on consistency across mask behaviour. 

The overall accuracy of the model is 63.82%,  
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3.2.3.2 Result Comparison 

 
Figure 10. Results of Two Methods using a Model Trained with Fixed Dropout Seed 

Observing the line chart from Figure 10, it clearly shows that the dropout-based method 

maintained a high accuracy above 60% even at sparsity levels exceeding 70%. This 

outcome shows difference in performance of dropout pruning from this experiment and 

the first one (see Section 3.2.3). First reason of it is that the dropout mask used for 

pruning was sampled from the same pool that the model was trained on. Therefore, the 

structure seen during training did not change during pruning. Second, using various 

random masks during training probably helped the model handle sparsity better. 

In comparison, L2 pruning followed a more gradual decline, slightly surpassing dropout 

only at extreme sparsity levels – lower than 90%.  

These results imply that dropout mask, which we used for pruning, are consistent with 

the training phase. Dropout-based pruning can complete effectively with conventional  

L2 Methods. 
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3.2.2.5 Fine-Tuning After Pruning: Enhancement of Model Performance 
In this experiment, for Dropout we applied fine-tuning with two distinct settings. In the 

first case, the model was trained with the same dropout mask (seed = 8) that it has been 

used during the initial training phase. In the second case, we gave it a completely new 

mask (seed = 42), which the model had not utilized before.  A pruning ratio matching to 

a dropout rate of 0.5 was used. The fine-tuning was fulfilled over 10 epochs using the 

Adam optimizer with a learning rate of 1 × 10M_.  

 
Figure 11. Validation Accuracy Before and After Fine-tuning for each pruning method 

As shown in Figure 11, fine-tuning had different effects depending on the pruning setup. 

When the dropout mask was known to model, we can see the decrease of accuracy from 

63.82% to 60.41%. It happened because of the reason that the model was already 

adapted to the given structure (during training) and fine-tuning turned-out to be useless 

in this case. In contrast, with an unfamiliar mask, accuracy improved significantly from 

39.52% to 58.68%. The L2-pruned model also showed improvement, rising from 

51.69% to 61.55%. This may lead us to the opinion that fine-tuning is most helpful when 

the model has not previously familiar with the pruning mask.  
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3.3 Experiment 2: Stability and Variability of Dropout-based 
Pruning  

3.3.1 Focus and Research Question  
This experiment addresses the last objective outlined in the introduction:  

Q3: How stable and consistent are the results of Dropout-based pruning when varying 

the dropout rate and the random seed used for mask generation? 

3.3.2 Full Range of Dropout Rates and Masks with Seed-controlled Training 
and Uncontrolled Training 
The training set up for model from Figure 12 is described in Section 3.2.3.1. 

 
Figure 12. Box-plot for Accuracy Distribution per Dropout Rate – Model Trained with Fixed Seed Pool 
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The training set up for model from Figure 12 is described in Section 3.2.2.1. 

 
Figure 13. Box-plot for Accuracy Distribution per Dropout Rate – Model Trained without Fixed Seed 

Both plots (Figure 12 and Figure 13) show how the variability and stability of the 

pruning results are affected by the dropout rate and training setup. In results shown in 

Figure 12, where we trained the model using a fixed set of seeds, are more robust to 

structural pruning. In particular, at dropout rate is 0.5 we observe the smallest accuracy 

variation (3.87%), indicating a high consistency between the structural patterns seen 

during training and those resulting from pruning. At the same time, for other values of 

dropout (even if the average accuracy rate remains high) the result variation between 

different seeds reaches more than 19%. This can lead to the suggestion that the model’s 

performance under such conditions is extremely dependent on the randomly selected 

masks.  
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Conclusion  
Although the technique’s effectiveness depends mostly on the level of sparsity and the 

mask configuration, the results of the two experiments lead us to the conclusion that 

Dropout-based pruning can be a functional approach to structural reduction of CNN. 

The first experiment showed that L2-pruning demonstrates superior performance 

compared to Dropout-pruning when it comes to accuracy metrics at most sparsity levels. 

Through this, it still achieves suitable compression with acceptable accuracy loss. 

Besides, Dropout-pruning reacts more strongly to aggressive pruning, demonstrating a 

faster decrease in accuracy than L2. Limiting the number of Dropout masks used during 

training increases the efficiency of the Dropout-based pruning due to increased training 

time for each of the corresponding subnetworks.  

Unlike L2 pruning, with Dropout multiple pruned versions of the NN can be produced. 

In this work, we have performed analysis of the variably of Dropout-pruning results. 

Further direction of work could be optimal random seed selection or Dropout-aware 

training.   
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