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1 |Introduction    

The existing artificial intelligence is based on Deep neural networks (DNNs) and has already shown great 

promise in computer vision, natural language processing and speech recognition. This has enabled them to 

formulate the nonlinearities of large-scale image recognition, text classification and the host of other 

problematic issues. In spite of these, DNNs also have the risk of overfitting such that when trained with real 

data, they would be good at making predictions whereas when they are used with unknown data, they would 

perform poorly [1-2]. Overfitting not only reduces predictive performance and impairs model reliability and 

interpretability as well as robustness, but in high-dimensional and low-data systems, also undermines 

predictive performance and makes predictive control possible [3]. 

Regularization has been one of the widely used strategies to deal with overfitting. Simple and effective 

measures are the dropout, the weight decay, and the early stopping [4-6]. Bayesian regularization [7, 8] feature 

diversity, and feature check methods that recognize the strength of adversarial examples [9] are not as recent 

but could be used to improve the given techniques. Redundancy reduction [10], side-channel-aware 
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regularization [11], and specific methods, including Shakeout [12] or soft-target regularization [13], have been 

investigated elsewhere. Even with this advancement, a majority of current strategies are heuristic in nature 

with little theoretical assurances about bias-variance trade-offs [14, 15]. In addition, in large-scale, noisy, or 

adversarially perturbed datasets, these approaches tend to have difficulty balancing between generalization, 

robustness, and stability of trained networks [16, 17]. 

The issue of overfitting in deep neural networks is not new, suggesting that existing regularization methods 

are not based on a principled statistical framework and does not approach the issue of the model-complexity-

generalization trade-off systematically. Although heuristic methods like dropout and weight decay may help 

to lower overfitting, they cannot give an explicit statistical understanding of the impact of shrinkage, nor do 

they extrapolate effectively among changing and varied sample sizes, network depths, and data modalities [18, 

19]. The adversarial learning systems show that well-regulated models can still be brittle to distribution shifts 

or perturbations [9, 20]. Therefore, a more theoretically motivated and statistically robust framework of 

regularization is required that can help in controlling overfitting and additionally enhance robustness, 

interpretability and stability. 

The main goal of this paper is to obtain a statistical deep neural networks regularization model through 

penalized likelihood estimation. Particularly, there are four-fold contributions to the present work: 

1. New Framework: A new regularization strategy is proposed, which is directly applied to neural 

network loss functions in which statistical shrinkage strategies, such as Elastic Net, smoothly clipped 

absolute deviation (SCAD), and minimax concave penalty (MCP), are implemented [21, 22]. 

2. Theoretical Analysis: A comprehensive analysis of the bias–variance trade-off across varying sample 

sizes and network depths is conducted, linking statistical learning theory with deep learning practice 

[3, 14]. 

3. Empirical Validation: The method is evaluated on vision benchmarks (CIFAR-10, ImageNet) and 

text benchmarks (IMDB, AG News), and higher generalization performance is achieved compared 

to existing regularization techniques [23, 24]. 

4. Robustness and Stability: It is demonstrated that the proposed approach not only reduces overfitting 

but also makes the model less vulnerable to noisy data and adversarial perturbations [25, 26]. 

However, unlike the heuristic regularization techniques, it is randomization-based or architecture-based, ours 

incorporates statistical shrinkage priors during training resulting in interpretable and theoretically motivated 

penalties. The method implies a mechanism which trades-off sparsity, bias reduction and variance control in 

a flexible manner with penalized likelihood estimation. The two-fold direction of statistical soundness and 

empirical strength makes our contribution unique to the literature and a principled and generalizable manner 

of resolving the problem of de-overfitting deep neural networks. 

2 |Related Work 

The overfitting problem has been regarded as one of the most frequent ones in deep neural networks (DNNs). 

The model is highly effective on the training data and catastrophically low on the unknown data [1, 20]. To 

address this, various regularization approaches have been devised, ranging from classical dropout and weight 

decay to more refined statistical and Bayesian methods. 

One of the most popular methods of countering overfitting in convolutional and fully connected networks is 

the dropout. Preliminary research emphasized that it is effective in preventing co-adaptation of neurons [4-

5]. Newer reviews have given detailed information regarding the changes in dropout and its relationship with 

other training processes. Equally, weight decay and redundancy-based approaches have been discussed, where 

[10] propose redundancy regularizers to curb over-parameterization. Moreover, pooling layers, despite being 

developed originally to perform dimensionality reduction, also perform dimensionality regularization, and 

[24] demonstrate that different pooling strategies perform comparatively. 
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Along with heuristic systems, statistical views of deep learning have become popular. Viewing deep learning 

in a statistical perspective, [3] stressed the existence of bias-variance trade-offs and overparameterization. The 

same thought process was furthered by [14], who have demonstrated how the nonparametric statistical 

methods provide new regularization information in overparameterized models. Bayesian approaches have 

turned out to be useful too; Bayesian regularization was shown to enhance the generalization and stability in 

a variety of applications [7, 8]. These methods are aligned well with the recent developments in the field of 

biostatistics, with [15] reviewing the use of regularization as a method of enhancing inference in high-

dimensional uncertainty. 

The number of heuristic-based approaches to control model complexity has been presented. To ensure 

smooth predictions, [13] suggested a soft-target regularization and [12] proposed Shakeout, a noise-based 

penalty that generalizes dropout. Ayinde [27], expressed that diversity in feature extraction is one of the routes 

to regularization. Other comparative works, [23], compared the performance of popular methods such as 

dropout, L1/L2 penalties, and max-norm regularization. On the same note, [19] studied the trade off in 

overfitting and underfitting of convolutional networks, whereas [25], assessed the limits of generalization in 

end-to-end communication models. 

An increasing literature on surveys integrates the wide array of existing regularization techniques. [2] reported 

a systematic review of overfitting control in deep and shallow architecture and [16] in strategies specific to 

deep architectures. On the same note, [17] provided an overview of regularization techniques that are specific 

to convolutional neural networks. [26], discussed the overfitting avoidance mechanisms whereas [22] 

described classical and contemporary approaches in a machine learning viewpoint. Moreover, [21], 

emphasized the practical uses of regularization in varying areas. 

Recent studies have highlighted the importance of advanced mathematical and statistical approaches in 

addressing complex modeling challenges, which is also relevant in tackling overfitting in deep learning 

systems. For example, [28] introduced a fuzzy parameter estimation method for the Exponential-Rayleigh 

distribution using a nonlinear ranking function, demonstrating the potential of statistical innovations in 

improving model accuracy. Similarly, [29] proposed the development of a pentagonal membership function 

to estimate fuzzy parameters of the same model, further emphasizing the role of fuzzy logic and statistical 

regularization in enhancing the robustness of computational models. 

Recent papers emphasize that the problem of overfitting is closely connected with adversarial robustness. 

Rice, [9] showed that adversarial training can contribute to the worsening of overfitting, which casts doubt 

on the trade-off between robustness and generalization. In addition to this, [11] proposed regularization 

techniques that are used in the side-channel analysis, and the focus is on the robustness of cryptography 

applications. The results are an expansion of prior research on the joint effect of optimization and 

regularization on generalization [18]. 

In general, the current literature shows a diverse ecosystem of regularization techniques, ranging between 

heuristic algorithms, i.e. dropout, soft-targeting, Shakeout, to statistically motivated Bayesian and 

nonparametric models. Although these strategies offer a valuable step forward, they tend to be either heuristic 

with no statistical guarantees, or statistically based and computationally intensive. This gap highlights the 

importance of a new statistically principled regularization strategy that incorporates shrinkage based 

techniques into pipelines of deep learning that balances generalization error with the ability to withstand 

adversarial perturbations. 

3 |Preliminaries And Theoretical Background 

Deep learning regularization is more comprehensible when based on a statistical learning framework. Here, 

we define the mathematical framework of supervised learning and reexamine the main concepts of statistical 

regularization, such as the bias-variance trade-off, statistical risk minimization, and the probabilistic nature of 

overfitting. 
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3.1 |Mathematical Setup 

To establish the proposed framework, a supervised learning setting is considered in which a deep neural 

network is trained on labeled data. The objective of the learning process is to approximate the relationship 

between input features and their corresponding outputs by minimizing a predefined loss function. However, 

modern neural networks usually contain a very large number of parameters, which increases the risk of 

overfitting, particularly when the amount of training data is limited. To address this issue, regularization 

methods are incorporated into the optimization process in order to improve generalization performance and 

enhance the robustness of the learned model. An example of a supervised learning environment based on a 

dataset will be considered: 

Let the dataset be defined as: 

𝐷 = {(𝑥𝑖, 𝑦𝑖)}𝑖=1
𝑛  (1) 

where 𝑥𝑖 ∈ ℝ𝑑is the input vector, 𝑦𝑖 ∈ 𝑌the target label, and 𝑛the number of samples. The network 

parameters are 𝜃 ∈ ℝ𝑃, with the predictive function: 

𝑓𝜃: ℝ
𝑑 → 𝑌, 𝑦̂𝑖 = 𝑓𝜃(𝑥𝑖) (2) 

The empirical loss is: 

𝐿(𝜃; 𝐷) =
1

𝑛
∑ ℒ(

𝑛

𝑖=1
𝑦𝑖 , 𝑓𝜃(𝑥𝑖)) (3) 

Direct minimization may overfit, especially when 𝑃 ≫ 𝑛. Regularization adds penalty terms to control 

complexity. 

L1 Regularization (Lasso): 

Ω𝐿1(𝜃) = ∑ ∣𝑃
𝑗=1 𝜃𝑗 ∣ (4) 

𝜃𝜆 = arg⁡min⁡
𝜃
{𝐿(𝜃; 𝐷) + 𝜆∑ ∣𝑃

𝑗=1 𝜃𝑗 ∣}  (5) 

Promotes sparsity, performing implicit feature selection. 

L2 Regularization (Ridge): 

Ω𝐿2(𝜃) =∥ 𝜃 ∥2
2 (6) 

𝜃𝜆 = arg⁡min⁡
𝜃
{𝐿(𝜃; 𝐷) + 𝜆 ∥ 𝜃 ∥2

2} (7) 

Shrinks parameters smoothly, reducing variance without enforcing sparsity. 

Elastic Net: 

Ω𝐸𝑁(𝜃) = 𝛼 ∥ 𝜃 ∥1+ (1 − 𝛼) ∥ 𝜃 ∥2
2  (8) 

Balances sparsity and smooth shrinkage (0 ≤ 𝛼 ≤ 1). 

3.2 |Statistical Regularization Principles 

3.2.1 |Bias–Variance Trade-off 

The prediction error in statistical learning can be broken down into three components: bias, variance, and 

irreducible noise. Definitely, given a predictor, 𝑓𝜃(𝑥), the squared expected error at an input x is: 

𝐸 [(𝑦⁡ −⁡𝑓𝜃(𝑥))
2
] = (𝐵𝑖𝑎𝑠[𝑓𝜃(𝑥)])

2 ⁡+ ⁡𝑉𝑎𝑟[𝑓𝜃(𝑥)] ⁡+ 𝜎2⁡⁡                                                                       (9) 

where: 

𝐵𝑖𝑎𝑠[𝑓𝜃(𝑥)] = 𝐸[𝑓𝜃(𝑥)] − 𝑓∗(𝑥)], with 𝑓∗(𝑥) is the actual data-generating function. 

𝑉𝑎𝑟[𝑓𝜃(𝑥)]  is a measure of the predictor's sensitivity to changes in the training data. 

𝜎2⁡⁡ is the unreducible noise of the information. 
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Regularization methods work by reducing variance at the expense of a tiny bit of bias and hence better 

generalization. 

In order to see the impact of statistical regularization on the bias-variance trade-off, Figure 1 shows how the 

decrease in the variance and the reduction in the generalization error increase with stronger penalties, but bias 

increases only relatively. This underscores the fact that shrinkage penalties decrease overfitting. 

 

Figure 1: Example of a bias-variance trade-off with regularization. Shrinkage penalties decrease variance, and a low 

total error is maintained. 

3.2.2 |Statistical Risk Minimization 

The eventual aim of learning is to reduce the statistical risk, which is the expectation of the loss with regard 

to the true yet unknown data distribution 𝑃(𝑥, 𝑦): 

𝑅(𝜃) ⁡= ⁡𝐸(𝑥, 𝑦) ∼ 𝑃[𝐿(𝑦, 𝑓𝜃(𝑥))]⁡⁡                                 (10) 

𝑃 is unknown and therefore we minimize the empirical risk: 

𝑅𝑛(𝜃) = ⁡ (1/𝑛)∑ 𝐿(𝑦𝑖 , 𝑓𝜃(𝑥𝑖))⁡
𝑛
𝑖=1 ⁡⁡                                               (11) 

Overfitting is a condition in which 𝑅𝑛(𝜃) is minimized while 𝑅(𝜃) is ill-approximated. Regularization may 

be considered a penalized risk minimisation problem: 

𝜃𝜆 = ⁡𝑎𝑟𝑔𝑚𝑖𝑛
𝜃
{⁡𝑅𝑛(𝜃)⁡+ ⁡𝜆𝛺(𝜃)⁡}⁡⁡                       (12) 

In which 𝛺(𝜃) is a penalty term (such as ℓ1, ℓ2⁡, Elastic Net, or non-convex penalty terms such as SCAD 

and MCP), and 𝜆 > 0 is a tuning parameter that determines regularization strength. 

3.3 |Overfitting Characterization in Probabilistic Terms 

Probabilistically, overfitting may be thought of, as well. The gap in generalization be: 

𝛥(𝜃) ⁡= ⁡𝑅(𝜃) ⁡−⁡𝑅𝑛(𝜃)                               (13) 

A model is considered to overfit when 𝛥(𝜃) is substantially positive that is, the model has a greater predictive 

power on training data compared to test data that is not seen. 

Probably, the empirical and true risk can be bounded by concentration inequalities like Hoeffdings or 

McDiarmids. To give an example, at least 1 − 𝛿: 

|𝑅(𝜃) ⁡−⁡𝑅𝑛(𝜃)| ⁡≤ ⁡𝑂(√(𝑙𝑜𝑔(1/𝛿)⁡/⁡𝑛)).⁡⁡                           (14) 
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In deep networks, the expressive power however increases with the number of parameters p, thus this bound 

is loose and increases the risk of overfitting. The effective hypothesis space is restricted by regularization, 

decreasing the variance component and closing the gap between the generalization and the lowering the 

variance. 

4 |Proposed Statistical Regularization Method 

As a way to instantiate our suggested framework, we present a methodological formulation that incorporates 

the application of statistical shrinkage into training deep neural networks. This not only increases the 

performance of the models but also offers a clear methodology of balancing bias and variance with penalized 

likelihood estimation. 

4.1 |Formulation 

Deep neural networks have recently achieved excellent application results in many fields including image 

recognition, natural language processing, speech analysis, and medical diagnosis. However, their model 

characteristics strong representational capacity and massive number of trainable parameters have created a 

severe overfitting risk: when training data is limited or contains noise, models often only memorize training 

samples instead of learning transferable, generalizable representations. This eventually leads to a sharp decline 

in performance on unseen test data, directly reducing the reliability and robustness of the learning system. 

Existing traditional regularization methods, including dropout, weight decay, and early stopping, can only 

partially mitigate this problem. Their core limitation is that all are fundamentally heuristic designs, which 

cannot capture the underlying statistical structure of high-dimensional learning tasks. A deep analysis from 

the perspective of statistical learning shows that the core root of overfitting is that the variance of high-

flexibility models will grow drastically as network complexity increases. There is an urgent need for shrinkage 

methods based on statistical principles to standardize the parameter estimation process. To address this need, 

this paper proposes a new statistical regularization framework that integrates classical penalized likelihood 

estimation into deep neural network optimization. Under a unified learning objective, it combines both 

convex and non-convex shrinkage penalties including Elastic Net, SCAD (Smoothly Clipped Absolute 

Deviation penalty), and MCP (Minimax Concave Penalty). Its core goals are to reduce redundant model 

complexity, stabilize parameter estimation, regulate the bias-variance tradeoff, improve generalization 

performance, and enhance robustness against adversarial perturbations. Unlike traditional solutions that only 

rely on simple weight decay, this method is built on rigorous statistical logic, and converts deep neural network 

training into a standardized penalized optimization problem. By adding structured shrinkage penalties to the 

loss function to constrain the model’s effective hypothesis space, it reduces sensitivity to noise and data 

perturbations, extends the classical Empirical Risk Minimization (ERM) principle, and ultimately achieves the 

core goal of reducing overfitting and improving generalization ability in high-dimensional learning 

environments. Consider a supervised learning setting with a training dataset: 

𝐷 = {(𝑥𝑖, 𝑦𝑖)}𝑖=1
𝑛  

where 𝑥𝑖 ∈ ℝ𝑑denotes the input vector, 𝑦𝑖represents the target label, and 𝑛is the number of training samples. 

Let 𝑓𝜃(⋅)denote a deep neural network parameterized by 𝜃 ∈ ℝ𝑝, where 𝑝is the total number of trainable 

parameters. The standard empirical loss function is defined as: 

𝐿empirical(𝜃) =
1

𝑛
∑𝑙(

𝑛

𝑖=1

𝑓𝜃(𝑥𝑖), 𝑦𝑖) (10) 

where 𝑙(⋅)represents the prediction loss function, such as cross-entropy loss for classification or mean 

squared error for regression tasks. This empirical objective measures how accurately the model fits the 

observed training data. 
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However, directly minimizing the empirical loss may lead to overfitting, especially when the network depth 

and parameter dimensionality become excessively large relative to the available training data. To address this 

limitation, we introduce a statistical shrinkage penalty based on Elastic Net, SCAD, and MCP regularization 

principles. The proposed penalty functional is formulated as: 

𝑅statistical(𝜃) = 𝛼 ∥ 𝜃 ∥1+ (1 − 𝛼) ∥ 𝜃 ∥2
2+∑𝑃𝜆

𝑝

𝑗=1

(𝜃𝑗) (11) 

where: 

 ∥ 𝜃 ∥1encourages sparsity by shrinking insignificant parameters toward zero,  

 ∥ 𝜃 ∥2
2provides smooth parameter shrinkage and improves optimization stability,  

 𝑃𝜆(⋅)denotes a non-convex penalty function such as SCAD or MCP,  

 𝛼 ∈ [0,1]controls the balance between sparse and smooth regularization effects.  

The 𝐿1-norm component performs implicit feature selection and reduces redundant neural connections, 

thereby lowering model complexity. Meanwhile, the 𝐿2-norm component stabilizes training by preventing 

excessively large weight magnitudes and reducing parameter variance. Although conventional 𝐿1regularization 

promotes sparsity, it may introduce estimation bias for large coefficients. Therefore, the inclusion of non-

convex penalties such as SCAD and MCP helps preserve important parameters while aggressively penalizing 

weak or noisy coefficients, resulting in improved statistical efficiency and reduced estimation bias. The 

complete learning objective is therefore expressed as: 

𝐿total(𝜃) = 𝐿empirical(𝜃) + 𝜆𝑅statistical(𝜃) (12) 

where 𝜆 > 0is the regularization hyperparameter controlling the strength of shrinkage.  

This paper proposes a new statistical regularization framework, whose core hyperparameter balances 

empirical data fitting and model complexity control, with clear impacts of its value selection: a smaller value 

prioritizes fitting the training data, while a larger value strengthens regularization, reducing variance at the 

cost of a small increase in bias. This directly targets the core pain point of deep learning optimization—the 

bias-variance tradeoff—and enhances the model’s generalization ability. From a statistical perspective, this 

framework can be interpreted as a penalized likelihood estimation problem, equivalent to a Maximum A 

Posteriori (Maximum A Posteriori, MAP) optimization framework that imposes a structured prior on network 

parameters. It can generate one-to-one mappings of the prior distributions corresponding to different 

regularization methods: the Gaussian prior corresponds to L2 regularization, the Laplacian prior corresponds 

to L1 regularization, and all penalty terms including Elastic Net, SCAD, and MCP are incorporated into the 

framework. Derivations confirm that this framework can simultaneously improve the model’s generalization, 

robustness, sparsity, stability, and interpretability. This paper introduces the end-to-end process visualization 

in Figure 2, which clearly presents the logic of integrating these penalty terms into the deep learning training 

workflow. 
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Figure 2: Flowchart of the proposed statistical regularization framework integrating shrinkage penalties into neural 

network training. 

4.2 |Theoretical Justification 

The statistical regularization framework proposed in this paper is not a heuristic modification of the loss 

function, but a rigorous framework rooted in three mature, well-established theoretical domains: statistical 

learning principles, optimization theory, and information theory. To address a universal pain point across the 

fieldnamely that the overparameterization of modern deep neural networks often leads to training 

memorization and unstable generalization ability this framework functions by reducing parameter variance, 

constraining the effective hypothesis space, and controlling the information flow between model parameters 

and training data. This section will complete the full theoretical justification of this framework’s effectiveness 

from three complementary perspectives. 

 variance control via the bias-variance trade-off,  

 PAC-Bayes generalization theory,  

 and information-theoretic analysis.  

These perspectives collectively demonstrate why statistical shrinkage penalties improve the reliability and 

robustness of deep neural networks. 

4.2.1 |Variance Control 

In the field of deep neural networks, the core motivation of statistical regularization is to reduce the excessive 

variance of highly flexible models. In high-dimensional learning settings, models that have a large number of 
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parameters are prone to fitting training noise, which causes unstable predictions and poor generalization 

performance. Traditional statistical shrinkage methods mitigate this problem by constraining the magnitude 

of model parameters to simplify the model’s representation. The original regularization framework proposed 

in this paper shrinks parameter estimates toward low-complexity solutions to manage the bias-variance 

tradeoff, and subsequent parts of this paper will derive the decomposition logic of the expected prediction 

error under finite-sample conditions. 

𝐸[(𝑦 − 𝑓𝜃)
2] = (𝐵𝑖𝑎𝑠(𝑓𝜃))

2 + 𝑉𝑎𝑟(𝑓𝜃) + 𝜎2 ⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡ (15) 

where: 

 𝐵𝑖𝑎𝑠(𝑓𝜃)measures the systematic approximation error,  

 𝑉𝑎𝑟(𝑓𝜃)represents the sensitivity of the model to variations in training data,  

 𝜎2denotes irreducible noise inherent in the data-generating process.  

The proposed shrinkage penalties reduce 𝑉𝑎𝑟(𝑓𝜃)by constraining parameter complexity and limiting over-

adaptation to noisy samples. Although regularization may slightly increase the bias component, the reduction 

in variance is typically much larger, leading to a lower total generalization error. Consequently, the framework 

achieves improved predictive stability and better performance on unseen data. 

4.2.2 |Generalization Bounds 

The statistical regularization framework proposed in this study, beyond the variance reduction effect that has 

already been achieved, still leaves room for further theoretical exploration. We start from the broad domain 

of generalization analysis in the field of statistical learning, introduce the basic definitions of PAC-Bayes 

analysis, clarify the adaptation mechanism between this framework and the theory, and lay out the core 

preconditions for the subsequent derivation of generalization analysis. 

𝔼𝜃∼𝜌[𝐿true(𝜃)] ≤ 𝔼𝜃∼𝜌[𝐿empirical(𝜃)] + √
𝐾𝐿(𝜌∣∣𝜋)+log⁡(2/𝛿)

2𝑛
 (16) 

 

where: 

 𝐾𝐿(𝜌 ∣∣ 𝜋)is the Kullback–Leibler divergence between the posterior and prior distributions,  

 𝑛is the number of training samples,  

 𝛿 ∈ (0,1)is a confidence parameter.  

The proposed shrinkage penalties effectively force the posterior distribution 𝜌to remain closer to the prior 

𝜋, thereby reducing the KL-divergence term. As a result, the upper bound on the true generalization error 

becomes tighter. This theoretical interpretation explains why the proposed framework improves 

generalization performance and reduces overfitting in deep neural networks. 

4.2.3 |Information-Theoretically Interpretation 

In recent years, multiple relevant studies in the field of deep learning have pointed out that the overfitting 

problem plaguing current models has core root causes that have not yet been effectively addressed. The novel 

statistical regularization framework proposed in this paper draws its core theoretical perspective from 

information theory; it suppresses overfitting by transforming the generalization problem into quantifiable 

information constraints. The following text will derive the formal objective formula of this framework. 

𝐼(𝜃; 𝐷) ≤ 𝐶(𝜆, 𝛼) ⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡ (17) 

 

where: 
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 𝐼(𝜃; 𝐷)denotes the mutual information between the learned parameters 𝜃and the dataset 𝐷,  

 𝐶(𝜆, 𝛼)is a decreasing function determined by the strength of regularization.  

As the regularization intensity increases, the amount of information stored in the parameters decreases, 

preventing the model from memorizing noisy or irrelevant details from the training data. Consequently, the 

learned representations become more robust, compact, and generalizable. This information-theoretic 

interpretation further supports the effectiveness of statistical shrinkage methods in improving the reliability 

of deep neural networks. 

4.3 |Algorithmic Implementation 

To implement the statistical regularization framework proposed in this paper, we embed the shrinkage penalty 

term into the optimization stage of deep neural network training. We follow the standard mini-batch learning 

paradigm, adding only this statistical regularization term to the empirical loss. There is no need to restructure 

the original training process, so the implementation cost is low, and this method is compatible with three 

mainstream optimization algorithms: SGD, Adam, and RMSProp. In each iteration, we calculate the two types 

of losses jointly and derive gradients via backpropagation. Ultimately, this approach reduces parameter 

complexity, alleviates overfitting, and improves model stability. 

4.3.1 |Algorithm 1: Training with Statistical Regularization 

Input: Dataset 𝐷 = {(𝑥𝑖 , 𝑦𝑖)}𝑖=1
𝑛 , neural network model 𝑓𝜃, regularization parameters (𝜆, 𝛼). 

Initialize: Network parameters 𝜃0(e.g., Xavier or He initialization). 

For each epoch 𝑡 = 1,… , 𝑇: 

1. Sample a mini-batch 𝐵 ⊂ 𝐷.  

2. Compute empirical loss:  

𝐿empirical
(𝑡)

=
1

∣ 𝐵 ∣
∑ 𝑙(

(𝑥𝑖,𝑦𝑖)∈𝐵

𝑓𝜃(𝑥𝑖), 𝑦𝑖) ⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡ (18) 

 

3. Compute statistical regularization term:  

𝑅statistical
(𝑡) = 𝛼 ∥ 𝜃 ∥1+ (1 − 𝛼) ∥ 𝜃 ∥2

2+∑𝑃𝜆

𝑝

𝑗=1

(𝜃𝑗) ⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡(19) 

 

4. Update parameters using stochastic gradient descent:  

𝜃𝑡+1 = 𝜃𝑡 − 𝜂∇𝜃 (𝐿empirical
(𝑡) +𝜆𝑅statistical

(𝑡) ) ⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡ (20) 

 

where: 

 𝜂is the learning rate,  

 ∇𝜃denotes the gradient with respect to network parameters.  

Return: Optimized parameters 𝜃∗. 
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4.4|Computational Complexity Analysis 

The statistical regularization framework proposed in this paper only adds moderate computational overhead 

to the training of standard deep neural networks. Its regularization term is calculated directly from model 

parameters, and the additional cost grows linearly with the number of trainable parameters, so the framework 

can be adapted to large-scale deep learning architectures. The computation of L1 and L2-type penalty terms 

is also a linear-time operation that scales with parameter dimension. 

𝑂(𝑝) (21) 

Similarly, the non-convex SCAD and MCP penalties involve piecewise mathematical operations but still 

maintain linear computational complexity with respect to the number of parameters. 

Consequently, the overall training complexity of the proposed framework can be approximated as: 

𝑂(𝑇 ⋅ 𝑛 ⋅ 𝑑 + 𝑇 ⋅ 𝑝) ⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡ (22)⁡⁡ 

 

where: 

 𝑇is the number of training epochs,  

 𝑛is the number of training samples,  

 𝑑denotes the input dimensionality,  

 𝑝is the number of trainable parameters.  

Because the additional regularization overhead scales linearly, the proposed framework remains 

computationally efficient and applicable to large-scale deep learning tasks such as image classification, 

language modeling, and adversarially robust learning. 

5 |Experimental Setup 

  In order to test the efficiency of the suggested statistical regularization technique, we ran a series of 

experiments of both vision and text classification problems. The aim was to quantify the improvements in 

generalization, stability and robustness over popular regularization methods used in the baseline. 

5.1 |Datasets 

To ensure comprehensive evaluation and broad experimental coverage, a wide range of benchmark datasets 

has been utilized. 

1. MNIST: Data on a handwritten digit set consisting of 60,000 training and 10,000 test handwritten 

image 28x28 grayscales. This data is used as a low complexity baseline to be initially validated. 

2. CIFAR-10/100: The CIFAR-10/100 is made up of 32x32 RGB images in 10 and 100 classes. CIFAR-

10 contains 50,000 training and 10,000 test examples, CIFAR-100 offers a more detailed classification 

problem. 

3. ImageNet Subset: A smaller ImageNet dataset of 100 randomly sampled classes and about 130,000 

training instances. This subset is utilized to test the scalability and performance in large scale 

conditions. 

4. IMDB Reviews: This data set is a binary text classification task featuring 25,000 training and 25,000 

test movie reviews that have been manually labeled by movie sentiment. 

5. AG News: A four-class news category data set of 120,000 training and 7,600 test samples covering 

World, Sports, Business and Sci/Tech categories. 
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Such sets of data represent high, medium, and lowly-challenged tasks with a variety of dimensions and sample 

sizes, which are the best to be generalized under varying conditions. 

5.2 |Baselines 

We compared our proposed statistical regularization method to a number of established regularization 

methods: 

1. Dropout: It occurs at random by turning off neurons in training to eliminate co-adaptation. 

2. Weight Decay (L2 Regularization): The penalty is applied to the large weights to create a shrinkage 

of the parameters. 

3. Adversarial Training: Making use of adversarial examples in training to enhance robustness. 

4. Batch Normalization (BN): Continuous mini-batch activations normalization to stabilize training. 

5. Mixup Data Augmentation: Interpolating between training samples by use of a linear scheme. 

These baselines were selected due to representing the various classes of regularization strategies: parameter 

penalties, data augmentation, and robustness-oriented methods. 

5.3 |Implementation Details 

To be able to compare all the models, they were all trained under the same conditions. 

Model Architectures: 

1. MNIST and CIFAR-10/100: VGG-16 and ResNet-18. 

2. ImageNet subset: ResNet-50. 

3. IMDB and AG News: Bi-directional LSTM and Transformer based classifiers. 

Optimizer: 

SGD, momentum 0.9. 

Learning Rate Schedule: 

Original learning rate is 0.1, without decay, at epochs 100 and 150 in CIFAR/ImageNet tasks. In the case of 

text datasets, Adam optimizer was also tested at a learning rate of 10−3. 

Batch Size: 

1. CIFAR and MNIST are 128, ImageNet subset 256, text datasets 64. 

2. Number of Epochs: 

3. MNIST: 50 epochs. 

4. CIFAR-10/100: 200 epochs. 

5. ImageNet subset: 100 epochs. 

6. IMDB and AG News: 30 epochs. 

Hardware: 

All the experiments were run on a server with NVIDIA A100 GPUs (40 GB memory), 256 GB RAM and 2 

x Intel Xeon CPUs. Where possible, training was done on several parallel GPUs. 

Hyperparameter Tuning: 

The regularization strength parameter l was chosen in [10−4,10−3,10−2,10−1] using a validation set held 

out. Elastic Net mixing parameter an alpha was adjusted to 0.2- 0.8. 
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This experimental design gives a robust and equitable comparison of our proposed statistical regularization 

framework to state-of-the-art baselines on a variety of domains. 

6 |Results And Analysis 

The following section gives the empirical findings of the suggested statistical regularization process in both 

vision and text classification. We measure performance on generalization accuracy, adversarial attack 

resistance, and training stability and compare them with well-established baselines. 

6.1 |Generalization Performance 

Table 1 is a report of classification accuracies with the benchmark datasets. The suggested approach always 

shows better performance compared to the baseline regularization models, particularly when the data have 

high-dimensional features (e.g., CIFAR-100, ImageNet subset). 

Table 1: Test accuracy (%) across datasets. 

Dataset 
Baseline 

(No Reg.) 
Dropout 

Weight 

Decay 

Adversarial 

Training 

Proposed 

Method 

MNIST 98.1 98.4 98.5 98.2 98.9 

CIFAR-10 87.5 89.1 89.6 88.9 91.4 

CIFAR-100 64.3 66.7 67.1 65.9 70.8 

ImageNet Sub. 73.5 74.8 75.1 74.5 77.2 

IMDB 87.9 88.7 88.5 88.1 90.2 

AG News 91.3 92.0 92.4 91.8 93.6 

 

The above findings show that the statistical shrinkage regularization enhances predictive accuracy because it 

is capable of reducing variance without underfitting. The method is also scalable, as gains can be expected 

especially on complex datasets (CIFAR-100, ImageNet subset). In order to supplement Table 1, Figure 3 

gives a graphical representation of the accuracy of the tests in different datasets. The bar chart is very clear 

that the proposed method has a consistent advantage over the normal baselines. 

 

Figure 3: Test accuracy comparison across datasets, showing the superiority of the proposed method 

6.2 |Robustness to Adversarial Attacks 

We measured robustness by testing performance on FGSM (Fast Gradient Sign Method) and PGD (Projected 

Gradient Descent) attacks with perturbation values ϵ=0.01 and ϵ=0.03. 
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Table 2: Robust accuracy (%) under adversarial attacks (CIFAR-10). 

Method Clean Accuracy FGSM (ϵ=0.01) PGD (ϵ=0.03) 

Dropout 89.1 71.4 56.8 

Weight Decay 89.6 72.0 57.2 

Adversarial Training 88.9 77.5 63.3 

Proposed Method 91.4 80.6 67.9 

 

 

The achieved cleaner accuracy, as well as stronger resistance to adversarial perturbation, of the proposed 

method exceeds adversarial training by about +3% adversarial resilience in the face of PGD attacks. 

6.3 |Training Stability and Bias-Variance Analysis 

To assess training stability, we took the variance of test error in 5 independent runs. Further, we also 

approximated the bias-variance breakdown of generalization error as per the framework in [3]. 

Table 3: Bias-variance decomposition on CIFAR-100. 

Method Bias² Variance Total Error 

Dropout 18.2 11.5 29.7 

Weight Decay 17.8 11.2 29.0 

Proposed Method 16.9 8.7 25.6 

 

The proposed statistical regularization will give large variance reduction at a relatively small bias inflation, 

hence the smallest possible generalization error. This validates the theoretic basis of variance control by 

penalized likelihood shrinkage. 

6.4 |Analysis 

Based on the experimental results of this study, the following sections will sort out and present the core 

research insights one by one. 

The new machine learning algorithm proposed in this paper has better generalization performance than all 

types of classical regularization methods. 

The statistical method proposed in this paper can improve adversarial robustness compared with 

regularization methods; that is, it enhances the robustness of the representations learned by the model. 

This study anchors its analysis on the core category of variance control, confirms that the inferences derived 

from variance theory are logically coherent and self-consistent, and clarifies a widespread misjudgment in the 

field that statistical shrinkage would omit relevant biases due to underestimating model complexity. 

Focusing on the core dimension of practical scalability, we find that conventional regularizers suffer from the 

variance explosion problem in large-scale fine-grained tasks, and we verify this finding using CIFAR-100 and 

the ImageNet subset as benchmark datasets. 

The designated statistical regularization model validated in this study is applicable to overfitting scenarios in 

deep neural networks, and features both theoretical rigor and practical effectiveness. 

7 |Discussion and Future Work 

Our research results have the following consequences: a statistically principled view of regularization in deep 

learning should be taken into account. To overcome the problem of overfitting, we can add statistical methods 

of shrinkage to the training pipeline and improve model robustness and interpretability. 
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7.1 |Insights from Results 

The experimental data proves the fact that the introduced method of statistical regularization is effective to 

reduce overfitting as the notions of statistical shrinkage are applied to training of the neural networks. The 

new approach is not based on the usual heuristic, including dropout or weight decay, but it explicitly tackles 

the bias variance trade-off, an algorithmic process referred to as penalized likelihood estimation. The method 

is conceptual in restraining the expansion of the parameters statistically and it is not over-inflating bias. This 

is the reason why it is more effective with more complicated datasets such as CIFAR-100, and ImageNet 

subsets where traditional regularizers are often more vulnerable to high variance. Furthermore, the noted 

resistance to adversarial perturbations indicates that the technique encourages more robust feature 

representations, which is less sensitive to perturbed inputs. 

7.2 |Comparison with Baselines 

The comparison against the methods of the baseline points out both theoretical and practical advantages. 

Dropout and Weight Decay: These methods are useful, but they are mostly heuristic penalties and have no 

strict statistical basis. We, in contrast, use known statistical shrinkage (e.g., Elastic Net, MCP, SCAD) to give 

a principled explanation of why we want to control variance. 

Adversarial Training: Adversarial training is less expensive to compute, but tends to be less clean in accuracy 

and more robust. The suggested method does not only maintain but boosts clean performance as well as 

increases adversarial resilience. 

Generalization Bounds: The theoretical discussion demonstrates that the framework presented generalizes to 

both PAC-Bayes and information-theoretic optimism, i.e. offers a probabilistic account of enhanced 

generalization, which is not traditionally the subject matter of the more traditional baselines. 

Practically, the proposed solution entails minimal changes to the training pipeline and can be integrated into 

the already existing architectures without rearchitecting of the architecture. This will make it desirable by the 

practitioners that plan to balance accuracy, robustness and efficiency. 

7.3 |Limitations 

Although the proposed approach has merits, the limitations of the approach are as follows: 

Scalability: It is even possible to invoke statistical shrinkage of extreme large-scale models (e.g. with billions 

of parameters) even in realistic scale datasets and network depths, which results in the complexity of the 

computational costs, in particular in the calculation of complex penalties. 

Hyperparameter Tuning: Selecting the regularization l and the type of shrinkage (Elastic Net, SCAD, MCP) 

is also a hyperparameter that needs tuning, which may be not easy in other fields. An automated procedure 

to optimize hyperparameters would also be necessary to implement in practice. 

Theoretical Justification: This is based on approximated independent features and adequate sample sizes. The 

usefulness of statistical shrinkage might be lost in extreme-correlations or small-sample regimes. 

7.4 |Future Directions 

The present research leaves a number of interesting research opportunities in the future: 

Unsupervised and Self-Supervised Learning: It would be possible to extend statistical regularization concepts 

to unsupervised and contrastive learning problems (e.g., autoencoders, SimCLR, BYOL) and produce more 

robust representations without labeled supervision. 

To Transformer Models: Transformer architectures (e.g. BERT, GPT, Vision Transformer) are especially 

vulnerable to overfitting when fine-tuned on small data sets. Generalization and robustness in NLP and 

computer vision may be enhanced by adding statistical shrinkage to their training goals. 
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Coordination with Bayesian Deep Learning: By integrating the suggested approach with Bayesian model 

estimation, the ability to quantify uncertainty and control variance may be offered, which can result in more 

confident models to be used in high-stakes scenarios, e.g., healthcare and finance. 

Adaptive Regularization: It may be beneficial to learn adaptive policies that change the types of l and penalties 

over time in training in order to ease the hyperparameter-tuning burden and improve across a wide range of 

datasets. 

Big Data: Future directions should also be to scale the methodology to big data (e.g. full ImageNet-22k, large 

text corpora), to further evaluate scaling and applicability. 

The discussion demonstrates that it is not merely the fact that the statistical regularization method suggested 

is theoretically grounded but it also has a practical implication. The balance between bias and variance 

enhances the extrapolation and strength of tasks more effectively. Addressing its existing gaps and integrating 

new areas of research will also aid in bringing it to the deep problems of learning in the contemporary day. 

8 |Conclusion 

In this study, a hybrid approach was proposed to combine the template matching and Faster R-CNN to 

improve the object detection. As the construction of a template corresponding to the capability of deep neural 

networks to learn features strength, the proposed structure can address classical problems, such as overfitting, 

poor generalization, and failure to react to changes in object size and object orientation. The results of the 

experiments showed that the approach does not only prove to be effective in obtaining high-quality detection 

accuracy than the traditional baselines, but also develop high robustness in a situation of variegated testing. 

The classical and deep learning method will demonstrate the advantages of the joint application of the 

complementary advantages rather than the exploitation of one paradigm only. Template matching is another 

factor that has led to it because it offers stable feature anchors at the expense of Faster R-CNN increasing 

the viability and the ability to process more complex data. Such a combination makes the system very high-

performing in both controlled and real-world applications, which is typically a weakness of all purely deep 

learning-based systems. Notwithstanding such positive outcomes, there are various problems. Limitation of 

scale to large data, optimization of hyper parameters, and variability assumption of objects should be 

examined more. However, the experiences of this research are the footsteps of generalizations of the field 

like autonomous systems, medical imaging, and remote sensing where accuracy and robustness are the most 

important considerations. In conclusion, the proposed hybrid system demonstrates that the combination of 

traditional methods related to computer vision with modern models of deep learning could be useful in 

recognizing objects. The findings both validate its promise as a robust and flexible solution, and also provide 

a future research path on unsupervised learning, large-scale transformer architecture, and Bayesian uncertainty 

modeling. 

 

Funding 

This research has no funding source. 

Data Availability 

The datasets generated during and/or analyzed during the current study are not publicly available due to the 

privacy-preserving nature of the data but are available from the corresponding author upon reasonable 

request. 

Conflicts of Interest 

The authors declare that there is no conflict of interest in the research. 



A Statistical Regularization Approach for Reducing Overfitting in Deep Neural Networks 

 

45

 

  

Ethical Approval 

This article does not contain any studies with human participants or animals performed by any of the authors. 

References  

[1] X. Ying, “An overview of overfitting and its solutions,” in J. Phys.: Conf. Ser., vol. 1168, 2019, Art. no. 022022. 
[2] M. M. Bejani and M. Ghatee, “A systematic review on overfitting control in shallow and deep neural networks,” Artif. Intell. 

Rev., vol. 54, no. 8, pp. 6391–6438, 2021. 
[3] P. L. Bartlett, A. Montanari, and A. Rakhlin, “Deep learning: A statistical viewpoint,” Acta Numerica, vol. 30, pp. 87–201, 2021. 
[4] S. Park and N. Kwak, “Analysis on the dropout effect in convolutional neural networks,” in Asian Conf. Comput. Vision, 

Cham, Switzerland: Springer, 2016, pp. 189–204. 
[5] B. Lengerich, E. P. Xing, and R. Caruana, “On dropout, overfitting, and interaction effects in deep neural networks,” arXiv 

preprint arXiv:2007.00823, 2020. 
[6] A. Saad, “Federated learning-based intrusion detection system using convolutional neural networks for IoT networks,” in Proc. 

5th Int. Conf. Electrical, Computer & Telecommunication Engineering (ICECTE), 2026, pp. 1–6. 
[7] N. Fiorentini, D. Pellegrini, and M. Losa, “Overfitting prevention in accident prediction models: Bayesian regularization of 

artificial neural networks,” Transportation Research Record, vol. 2677, no. 2, pp. 1455–1470, 2023. 
[8] R. J. B. Fila, S. H. Attri, and V. Sharma, “Mitigating overfitting in deep learning: Insights from Bayesian regularization,” in Proc. 

IEEE Region 10 Symp. (TENSYMP), 2024, pp. 1–6. 
[9] L. Rice, E. Wong, and Z. Kolter, “Overfitting in adversarially robust deep learning,” in Proc. Int. Conf. Mach. Learn. (ICML), 

2020, pp. 8093–8104. 
[10] N. Elmobark, A. Saad, A. A. T. Al-Khazalli, and M. Badouch, “Evolving text matching: A systematic review of classical and 

modern approaches in the neural network,” Engineering Headway, vol. 35, pp. 195–209, 2026. 
[11] A. Rezaeezade and L. Batina, “Regularizers to the rescue: Fighting overfitting in deep learning-based side-channel analysis,” J. 

Cryptographic Eng., vol. 14, no. 4, pp. 609–629, 2024. 
[12] G. Kang, J. Li, and D. Tao, “Shakeout: A new approach to regularized deep neural network training,” IEEE Trans. Pattern 

Anal. Mach. Intell., vol. 40, no. 5, pp. 1245–1258, 2017. 
[13] A. Aghajanyan, “Softtarget regularization: An effective technique to reduce over-fitting in neural networks,” in Proc. 3rd IEEE 

Int. Conf. Cybernetics (CYBCONF), 2017, pp. 1–5. 
[14] T. Hu, W. Wang, C. Lin, and G. Cheng, “Regularization matters: A nonparametric perspective on overparametrized neural 

network,” in Proc. Int. Conf. Artif. Intell. Stat. (AISTATS), 2021, pp. 829–837. 
[15] S. Friedrich et al., “Regularization approaches in clinical biostatistics: A review of methods and their applications,” Stat. Methods 

Med. Res., vol. 32, no. 2, pp. 425–440, 2023. 
[16] R. Moradi, R. Berangi, and B. Minaei, “A survey of regularization strategies for deep models,” Artif. Intell. Rev., vol. 53, no. 6, 

pp. 3947–3986, 2020. 
[17] C. F. G. D. Santos and J. P. Papa, “Avoiding overfitting: A survey on regularization methods for convolutional neural networks,” 

ACM Comput. Surveys, vol. 54, no. 10s, pp. 1–25, 2022. 
[18] I. Marin, A. Kuzmanic Skelin, and T. Grujic, “Empirical evaluation of the effect of optimization and regularization techniques 

on the generalization performance of deep convolutional neural network,” Appl. Sci., vol. 10, no. 21, p. 7817, 2020. 
[19] A. D. Gavrilov, A. Jordache, M. Vasdani, and J. Deng, “Preventing model overfitting and underfitting in convolutional neural 

networks,” Int. J. Software Sci. Comput. Intell., vol. 10, no. 4, pp. 19–28, 2018. 
[20] S. Salman and X. Liu, “Overfitting mechanism and avoidance in deep neural networks,” arXiv preprint arXiv:1901.06566, 2019. 
[21] T. Kotsilieris, I. Anagnostopoulos, and I. E. Livieris, “Regularization techniques for machine learning and their applications,” 

Electronics, vol. 11, no. 4, p. 521, 2022. 
[22] A. Elaraby, A. Saad, H. Karamti, and M. Alruwaili, “An optimized deep learning approach for robust image quality 

classification,” Traitement du Signal, vol. 40, no. 4, pp. 1573–1583, 2023. 
[23] I. Nusrat and S. B. Jang, “A comparison of regularization techniques in deep neural networks,” Symmetry, vol. 10, no. 11, p. 

648, 2018. 
[24] A. Zafar et al., “A comparison of pooling methods for convolutional neural networks,” Appl. Sci., vol. 12, no. 17, p. 8643, 2022. 
[25] H. Zhang, L. Zhang, and Y. Jiang, “Overfitting and underfitting analysis for deep learning based end-to-end communication 

systems,” in Proc. 11th Int. Conf. Wireless Commun. Signal Process. (WCSP), 2019, pp. 1–6. 
[26] B. Sabiri, B. El Asri, and M. Rhanoui, “Mechanism of overfitting avoidance techniques for training deep neural networks,” in 

ICEIS, 2022, pp. 418–427. 
[27] B. O. Ayinde, T. Inanc, and J. M. Zurada, “Regularizing deep neural networks by enhancing diversity in feature extraction,” 

IEEE Trans. Neural Netw. Learn. Syst., vol. 30, no. 9, pp. 2650–2661, 2019. 
[28] R. S. Mahmood, I. H. Hussein, and M. N. Al-Harere, “Estimation of the fuzzy parameters for exponential-Rayleigh distribution 

by using a nonlinear ranking function,” Computer Science, vol. 18, no. 3, pp. 439–449, 2023. 
[29] R. S. Mahmood, M. N. Al-Harere, and I. H. Hussein, “Developing the pentagonal membership function to estimate the fuzzy 

parameters of the exponential-Rayleigh model.” 

Disclaimer/Publisher’s Note: The perspectives, opinions, and data shared in all publications are the sole 

responsibility of the individual authors and contributors, and do not necessarily reflect the views of Sciences 

Force or the editorial team. Sciences Force and the editorial team disclaim any liability for potential harm to 

individuals or property resulting from the ideas, methods, instructions, or products referenced in the content. 


