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Abstract
Transfer learning has emerged as a pivotal technique for biomedical image 

classification, where labeled data is limited and computation cost of model training is very 
high. By leveraging pre-trained neural networks, transfer learning accelerates convergence 
and enhances model precision on domain-specific tasks. The efficiency and performance 
of transfer learning is governed by various factors that need to be fine-tuned. Despite its 
wide success, the mathematical understanding of transfer learning behavior remains limited. 
In this paper, we systematically studied the mathematical aspect of transfer learning as a 
regularized optimization problem, where adaptation to a target domain is balanced against 
deviation from pre-trained parameters, which plays an important role in classification of 
datasets including small and imbalanced datasets invariably found in medical diagnosis. 
We validated this model using controlled regularization across a simulated neural network 
and three models of deep convolutional networks pre-trained on two different domains 
for classification of ultrasound scans used in diagnosis of polycystic ovary syndrome. Our 
experimental results suggest that regularization improves generalization and preserves 
inductive bias, due to a principled adaptation-retention tradeoff, thereby bridging 
mathematical modeling and practical implementation of transfer learning in domain-
adaptive medical imaging applications.
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I. Introduction

Radiological tests performed using various imaging techniques play 
a very important role in diagnosis of many diseases. For many years, 
interpretation of results of such tests is done by radiologists or doctors. 
This process is time-consuming and depends on expert knowledge. Deep 
learning approaches have achieved significant success across multiple 
medical imaging modalities including computed tomography and 
ultrasound classification tasks [1]. The advent of image classification tools 
using Deep Learning models aided by transfer learning has improved 
accuracy as well as efficiency of diagnosis but still there are some 
limitations. Two major challenges arise when applying transfer learning to 
medical image classification tasks. First, scarcity of labelled data, due to 
high cost and time involved in annotation. Second, imbalanced nature of 
data, because of the natural bias created due to presence of more normal 
cases than the diseased ones in reality [2].

Transfer learning enables adaptation of neural network models 
trained on a large general database like ImageNet to a small domain 
specific dataset like MedMNIST. Several transfer learning methods focus 
on adapting feature representations across different domains and 
distributions. The very basic and general features like edges, textures, 
primary shapes learned by initial convolutional filters from the general 
dataset are directly used as pre-trained filters by transfer learning 
algorithm as a starting point [12]. Transfer learning leverages these pre-
trained filters to accelerate convergence and improve generalization [3], 
[11]. However, the mathematical mechanism of “knowledge retention and 
adaptation” is not often formally described. Zhuang et al. [4] in their 
survey stated that “Transfer learning aims to improve the performance of 
target learners on target domains by transferring knowledge contained in 
different but related source domains”. Due to its wider application 
prospects, transfer learning has become a popular and upcoming area in 
machine learning. In practice, transfer learning is often treated as an 
engineering procedure rather than a mathematical formulation process. 
Deep transfer learning has emerged as an effective approach for improving 
medical image classification performance under limited data availability 
[5]. The efficiency of deep neural network models can be improved using 
models that are pre-trained on a large general dataset as training a deep 
learning model from scratch is very difficult, the major difficulty being 
less availability of labeled data and higher computational cost. Transfer 
learning overcomes these using pre-trained models. Transfer learning 



TRANSFER LEARNING AS A REGULARIZED OPTIMIZATION� 3155

using pretrained models has shown improved efficiency and classification 
performance in medical imaging applications [4], [5]. Recent healthcare-
oriented AI frameworks have incorporated transfer learning and domain 
adaptation techniques to improve medical image analysis performance 
[6].

This paper interprets transfer learning as a regularized optimization 
problem - according to this concept, as shown in Figure 1, adaptation to a 
new medical imaging task competes with retention of pre-trained 
knowledge. Through mathematical modeling, a simplified single-neuron 
neural network model and convolutional architectures (ResNet50, VGG16, 
MobileNetV3) on ImageNet and MedMNIST, we validated λ-controlled 
regularization for PCOS ultrasound image classification. We model 
transfer learning as an optimization process that minimizes target-task 
loss while penalizing deviation from pretrained parameters. The proposed 
formulation captures the adaptation-retention equilibrium controlled by 
the regularization hyperparameter λ.

II. Related Work

Transfer learning has been extensively studied from both experimental 
and theoretical perspectives. Cao, Gu, and Guo [7] proposed a mathematical 
framework for transfer learning. They studied it as an optimization 
problem and practically measured its performance under different 
conditions resulting in the concept of “optimal transfer learning”. For 
example, in an image classification setup, only the last few layers of the 
model are retrained when solving the target task, while the feature 
extraction layers derived from the source task are directly utilized. This 
approach allows for leveraging the learned representations from the 
source task, optimizing the model specifically for the target task [7].

In deep learning, optimization algorithms minimize model loss by 
iteratively updating network parameters using gradient-based learning 
methods [12]. Proper application of optimization techniques helps in 
performance improvement as well as better and faster convergence [8]. 
“Domain transfer learning, which learns a target classifier using labeled 
data from a different distribution, has shown promising value in 
knowledge discovery yet still been a challenging problem”. A novel 
transfer learning framework based on the regularization theory is 
described in this paper by Long et al. [9]. Li, Grandvalet, and Davoine [10] 
experimentally showed that in transfer learning initial weights of 
parameters are changed to new values. The change in initial weight value 
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results in loss of useful knowledge. They argued that the regularization 
process that moves parameters towards initial weights doesn’t fit in the 
framework of transfer learning resulting in failure to produce best results. 
They proposed a logical “parameter regularization approach, where the 
pre-trained model is both used as the starting point of the optimization 
process and as the reference in the penalty,” which will preserve the initial 
knowledge. They tested simple regularization techniques for transfer 
learning with convolutional networks, concluding that there is “a trade-
off between the solution to the target task and the pre-trained parameters” 
[10]. Transfer learning (TL) has become the de facto standard in medical 
image analysis, enabling models trained on large natural image datasets 
like ImageNet to adapt effectively to specialized domains such as 
ultrasound, X-ray or MRI. However, when the target dataset is small or 
imbalanced, transfer learning may lead to unstable gradient behavior, 
overfitting, and biased representations [4], [10], [17].

Although transfer learning methods achieve high classification 
performance on limited medical datasets, they still lack a comprehensive 
theoretical foundation. Despite broad empirical success, many practitioners 
continue to rely on heuristic fine-tuning strategies rather than formal 
mathematical analysis of why transfer learning works effectively. Recent 
surveys emphasize this gap in understanding the mathematical 
mechanisms underlying transfer learning [4], [7], [17]. Cross-domain 
transfer learning methods attempt to align feature representations between 
source and target domains [13]. Collaborative transfer learning frameworks 
have been proposed to improve knowledge transfer across heterogeneous 
domains [14].

III. Mathematical Framework

Formulation of Transfer Learning:
Definition of Domains
Let:
Ds = {(xs, ys)}: source domain and Dt = {(xt, yt)}: target domain Each 

domain has:
An input space {X}, A label space {Y} and A probability distribution 

(P (x, y)) The source and target may differ in data distribution: [Ps(xs,ys) ≠ 
Pt(xt,yt)] [15].
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Model Parameterization

Let, a neural network model be represented by fθ(x), parameterized 
by weights θ ∈ Rd After pre-training, parameters become θs; during transfer, 
we seek adapted parameters θt.

Objective Function seeks to minimize the transfer learning loss so as 
to adapt the model pre-trained on source distribution to a target 
distribution.

The general form of equation for transfer learning loss: 		
	 L(θ) = min θ E(xt, yt) ∼ Pt[L(fθ(xt), yt)] + λ R(θ, θs)

Where, θ = Current model weights θs = Pretrained source weights
R = Regularization term that prevents new model from “forgetting” 

previous knowledge
λ = Regularization parameter controlling the balance between 

preserving pretrained knowledge and adapting to the target task [9], [10], 
[16].

Thus, we model transfer learning as solving: LTL(θ) = Pt[L(fθ(xt),yt)] 
+ λ ‖θ − θs‖²
            LTL (θ) =       Lt(θ)             +            λ ‖θ − θs‖² 	 (Equation 1)

                      Target Loss	        Regularization term
where Lt(θ) denotes the target task loss and the regularization term 
constrains deviation from pretrained source weights [9], [10], [20].

The first term encourages adaptation to the target domain, while the 
second term penalizes deviation from the pretrained source weights, 
thereby preserving knowledge, where λ balances adaptation and retention.

The goal of transfer learning is to find new parameters that perform 
well on the target data while staying close to the pretrained parameters or 
balancing new learning (first term) and memory of source knowledge 
(second term).

Hence, transfer learning involves constrained optimization to 
minimize a combined loss (LTL(θ)) using gradient descent as shown in the 
following equation.

Derivation of gradients

Taking gradients with respect to θ:	∇ θ LTL = ∇θ Lt + 2λ (θ - θs)
The gradient consists of two competing components:

1.	 Reduces target error
2.	 Stays close to pre-trained weights
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This captures the dual optimization behavior of adaptation and 
knowledge retention.

Equilibrium Condition can be depicted as follows: At convergence:

•	 Small gradients → parameters remain close to pretrained values.
•	 Large gradients → greater deviation to capture new patterns.

Thus, fine-tuning in transfer learning behaves like controlled 
optimization-driven perturbation of pre-trained parameters.

This regularization can be interpreted as follows:
The term λ ‖θ − θs‖² prevents catastrophic forgetting.

Intuitively, λ regulates the deviation from pre-trained parameters.

•	 λ → 0 ⇒ Pure fine-tuning (maximum adaptation)
•	 λ → ∞ ⇒ Feature reuse (maximum retention)
•	 Intermediate λ yields best generalization
•	 High λ: stronger memory, slower adaptation.
•	 Low λ: more flexibility, faster adaptation but higher risk of forgetting.

Figure 1
Conceptual view of transfer learning as a regularized optimization process bal-

ancing target-domain adaptation and retention of pretrained representations
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This reflects a bias–variance tradeoff in transfer learning. Final 
parameters are a balance between old model and new gradient influence. 
The smaller the divergence between source and target, the more effective 
the transfer process [18]. Various regularization schemes such as Lasso, 
L1-group Lasso, and elastic net regularization are widely used in machine 
learning [19]. Similarly, L2, L2-SP, Fisher-weighted L2-SP regularization 
methods are used for fine tuning of parameters during transfer learning in 
Convolutional Neural Networks to preserve pretrained representations 
while enabling domain adaptation [20].

IV. Methodology

1. Datasets
Pre-training sources:
ImageNet for natural-image pretraining and MedMNIST for medical-

image pretraining [21], [22].
Target Task:
PCOS ultrasound classification (grayscale, 224 × 224, normalized 

images).

2. Experimental Setup:

A.	 λ-Sensitivity Analysis Using a Simplified Simulation Model
	� This experiment analyzes how varying regularization strengths 

influence domain adaptation across increasing levels of model 
complexity.

B.	 Numerical Simulation
	� We implemented a simple linear model, a single-neuron linear 

model to illustrate the Equation (1). Let θs = [0.8, 1.2, −0.5] , θ ∈ ℝ³. 
The target sample is, xt = [1.0, 2.0, 3.0] and yt = 4.5.

	� We computed numerical gradients by finite differences (ε=1e-4) 
and ran gradient descent updates for 20 epochs with learning rate 
η=0.05. We swept λ ∈ {0.01, 0.05, 0.1, 0.5, 1.0}.

C.	 Validation on Real Medical Imaging Data
	� We carried out the experiment using pre-trained CNN models to 

visualize training loss against varying values of λ.
	 •	 Architectures: ResNet50, VGG16, MobileNetV3.



3160� M. GHULE AND A. CHAWARE

	 •	 �Optimization: SGD (momentum=0.9, LR=1e−3, batch=16, 25 
epochs).

	 •	 Regularization λ sweep = {0, 0.01, 0.05, 0.1, 0.5, 1.0}.
	 •	 Evaluation: Accuracy, F1, AUC, Parameter Drift, Loss curves.
D.	 Metrics and Implementation
	 •	 Parameter drift measured as ∥θ−θs∥2.
	 •	 Target loss curves across varying λ values.
	 •	 Environment: Google Colab + Google Drive for persistence.

V. Results

Results of single-neuron simulation model:

Table 1
λ vs Final Loss and Weight Change

Λ Final Loss Weight Drift ‖θ-θs‖
0.01 3.1683 0.3831
0.05 3.0861 0.853
0.1 2.9879 1.3998
0.5 2.3516 4.5832
1.0 1.8229 6.8465

Results of validation on real dataset:

Table 1 displays results of the numerical simulation showing a clear 
trade-off:

Smaller λ leads to higher final loss but smaller weight deviation ‖θ-
θs‖.

Larger λ achieves lower final loss but gives slower convergence and 
greater deviation from the starting weights.

This precisely matches the analytical equilibrium expression 
discussed in the Mathematical Framework indicating that increasing λ 
improves convergence in terms of loss minimization, but it destabilizes 
weight preservation. Conversely, keeping λ small maintains weight 
stability but sacrifices accuracy.
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Figure 2
Regularization effect

Figure 3
Parameter drift

Figure 4
Adaptation-retention
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Figure 2 illustrates the variation of final training loss with 
regularization strength (λ) for three convolutional architectures—
ResNet50, VGG16, and MobileNetV3—under two pre-training sources 
(ImageNet and MedMNIST). Across all models, the training loss increases 
with λ, confirming that stronger regularization constrains network 
adaptation during fine-tuning. This behavior demonstrates the proposed 
mathematical formulation.

From the models studied, MobileNetV3 showed the steepest rise in 
loss, indicating higher sensitivity to λ due to its lightweight architecture. 
VGG16 displayed a smoother trend, reflecting stable optimization across 
its convolutional blocks, while ResNet50 showed moderate loss increase, 
due to internal residual regularization.

For a given λ, MedMNIST-pre-trained models achieved lower losses 
than ImageNet-pre-trained, highlighting that domain similarity allows 
stronger retention (higher λ) without hampering adaptation.

Figure 3 presents the variation of parameter drift with increasing λ 
for the same models and pre-training sources. The results show an inverse 
relationship between weight stability and model adaptability. As λ 
increases, the total drift initially decreases, indicating stronger retention of 
pre-trained representations. Comparatively, MedMNIST-pre-trained 
models exhibit smaller drift across λ, suggesting that domain similarity is 
bringing weight alignment. ImageNet-pre-trained models, show greater 
drift variation due to the larger domain gap.

Figure 4 shows that at low λ values, adaptation dominates as the 
model aggressively fine-tunes to the target data, potentially forgetting 
pre-trained knowledge. At high λ values, retention dominates as strong 
regularization preserves source knowledge but limits adaptation. The 
intermediate λ region represents the optimal balance between the two, 
minimizing total transfer loss. 

Figure 5 indicates that MedMNIST pre-training, representing a 
medically relevant domain, exhibits its loss minimum at a higher λ than 
ImageNet pre-training. This shift of the optimal λ indicates that greater 
domain alignment allows stronger retention of pre-trained weights 
without hindering target adaptation. When the source domain is dissimilar, 
as with ImageNet, weaker regularization (smaller λ) is required to facilitate 
sufficient adaptation.

All standard metrics such as Accuracy, F1 score, AUC, ROC curves, 
loss curves, and confusion matrices for all CNNs showed similar trends 
indicating that these metrics did not depend on value of λ compared to 
parameter-drift.



TRANSFER LEARNING AS A REGULARIZED OPTIMIZATION� 3163

Figure 5
Domain similarity

VI. Discussion

These results show that λ serves as a control for knowledge retention 
in transfer learning and validate the regularized-optimization 
interpretation across diverse CNN architectures.

Beyond a certain threshold, however, drift values may rise slightly, 
reflecting optimization instability caused by over-regularization. This 
nonlinear behavior indicates that transfer learning can be interpreted as a 
regularized optimization problem in which λ governs the equilibrium 
between adaptation (large weight updates) and retention (limited deviation 
from pre-trained weights).

These results suggest that λ regulates the stability of parameter 
transfer, proving the theoretical framework experimentally across 
architectures and pre-training conditions.

The proposed framework provides a theoretical interpretation for 
commonly used transfer learning heuristics such as layer freezing and 
reduced learning rates and stresses the importance of λ as a tuning knob.

The λ shift indicates that adaptation–retention equilibrium depends 
on domain similarity and suggests that selection of λ can be guided by 
domain similarity.

Limitations:

•	 �The PCOS ultrasound dataset used for target training was relatively 
small which limits the evaluation of λ under clinical conditions.
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•	 �A single regularization term exhibiting the adaptation–retention 
balance is used in the study. Deeper network or other architectural 
study is missing.

•	 �Computational limitations restricted the experiments to only fixed 
hyperparameters.

Future work:

The work can be taken ahead with more datasets of medical images 
of different modalities to perform cross-dataset evaluation. It can be 
extended to Transformer-based as well as hybrid deep learning 
architectures.

Further work can integrate more complex structures suggested in the 
literature like domain divergence (D(Ps, Pt)), Optimal Transport penalties 
[23], or Fisher-information geometry of parameter space [24] for deeper 
theoretical understanding.

VII. Conclusion

This study presents transfer learning as a regularized optimization 
providing a mathematical framework for theoretical formalization of 
transfer learning. The results are analyzed numerically across simulation 
as well as CNN models for validating the regularized optimization 
concept. The paper offers mathematical basis for balance between feature 
reuse and fine tuning. It proposes that λ can be chosen during fine-tuning 
of domain-adaptive medical-image classification tasks where datasets 
tend to be small and imbalanced.
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