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This study introduces Hybrid Adversarial Transfer with Feature Transformation (HATFT), 

a novel hybrid framework that combines adversarial training with feature transformation 

for effective cross-domain transfer learning in visual recognition tasks. Unlike traditional 

methods that only focus on aligning domain distributions, HATFT integrates a feature 

transformation layer that explicitly reduces discrepancies between source and target 

domains. This enhances feature discriminability through adversarial learning. Evaluated on 

the widely used Office-31 benchmark (Amazon, WebCam, DSLR), HATFT achieves state-

of-the-art performance, with an average accuracy of 88.4%, surpassing previous methods 

like lapCNN (84.73%) and DAN (87.83%). Specifically, HATFT achieves 85.8% on A→W 

and 97.2% on A→D, demonstrating robust domain adaptation capabilities. The sharp 

convergence of Maximum Mean Discrepancy (MMD) loss, along with the stabilization of 

adversarial losses, further highlights the effectiveness of the integrated training mechanism. 

This demonstrates significant improvements in both stability and generalization, confirming 

that HATFT is highly effective for cross-domain transfer learning tasks. The results indicate 

that HATFT not only enhances feature transferability but also provides a promising solution 

for addressing domain shifts in real-world applications such as medical imaging, e-

commerce, and remote sensing. The findings suggest that combining adversarial learning 

with feature transformation is an effective strategy for improving cross-domain adaptation. 
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1. INTRODUCTION

A key challenge in machine learning is the dependence on 

large volumes of labeled data to develop accurate and reliable 

models. However, in many real-world applications, acquiring 

large annotated datasets is often expensive, time-consuming, 

or impractical. As a result, working with small datasets 

becomes particularly difficult, since limited training samples 

may hinder the model’s ability to capture meaningful patterns 

and properly represent the underlying structure of the problem. 

To mitigate the limitations associated with small datasets, 

several strategies have been proposed, including transfer 

learning [1], active learning [2], and data augmentation [3]. 

Among these techniques, transfer learning has proven to be 

particularly powerful, as it allows models to exploit 

knowledge acquired from a related source domain to enhance 

performance in a target domain [1]. By relying on pre-trained 

models that have already leaned rich feature representations 

from large datasets, transfer learning allows models to adapt 

to new tasks with limited data through fine-tuning. This 

capability is especially important in scenarios where domain 

shifts occur, as discrepancies between training and testing 

distributions can significantly degrade model performance [4]. 

However, cross-domain transfer learning brings additional 

challenges because of inherent discrepancies between the 

source and target domains [5, 6]. These discrepancies, 

commonly referred to as the domain gap, may arise from 

distribution shifts, feature space misalignment, label space 

inconsistencies, or task heterogeneity. Addressing these issues 

has become a central focus in domain adaptation research. 

Recent advances have explored various strategies to bridge 

domain gaps, including adversarial domain adaptation, meta-

learning, and domain generalization, each targeting different 

aspects of cross-domain knowledge transfer. 

Adversarial domain adaptation has gained significant 

attention for its ability to learn domain-invariant feature 

representations through adversarial training. In this framework, 

a feature extractor is trained to generate representations that 

cannot be distinguished by a domain discriminator, thereby 

reducing the statistical distance between source and target 

domains. While this strategy has shown promising results, 

recent studies highlight important limitations. In particular, 

excessive alignment of feature distributions may inadvertently 

reduce discriminative information, leading to a trade-off 

between domain invariance and task-specific predictiveness 

[7]. Several extensions have been proposed to address these 

challenges. For example, centroIDA introduces class-level 

alignment through accumulative class-centroids, while GLA-

DA employs global-local alignment strategies designed for 

multivariate time series data, addressing semantic sparsity 

issues when adapting labeled source samples to unlabeled 

target data [8, 9]. 
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Beyond adversarial learning, recent research has explored 

alternative paradigms such as meta-learning and domain 

generalization. Meta-learning approaches train models to 

rapidly adapt to new domains using limited data, often through 

task-based training strategies that encourage models to learn 

transferable initialization parameters [10, 11]. Domain 

generalization methods aim to train models that generalize to 

unseen domains without direct access to target-domain data 

during training, making them particularly useful in safety-

critical applications or environments where target-domain data 

are unavailable [12, 13]. These approaches highlight the 

growing interest in developing models capable of handling 

increasingly complex domain shifts. 

Understanding the nature of domain gaps is essential for 

designing effective transfer learning systems. Different types 

of distribution shifts require different adaptation strategies. 

For example, covariate shift occurs when input distributions 

differ between domains while the conditional relationship 

between features and labels remains stable, whereas concept 

drift involves changes in the underlying decision boundaries 

[14]. More complex scenarios include heterogeneous domain 

adaptation, where feature spaces differ across domains [15], 

and multi-source domain adaptation, which leverages multiple 

source domains but may introduce risks of negative transfer if 

feature alignment is not carefully handled [16, 17]. 

Recent applications demonstrate the practical impact of 

these advanced transfer learning strategies across diverse 

domains. In building energy prediction, adversarial domain 

adaptation combined with spatiotemporal graph convolutional 

networks enables accurate cross-district energy forecasting 

despite limited data availability [18]. In medical imaging, test-

time adaptation techniques allow models to dynamically 

adjust during deployment using limited target-domain 

information [19, 20]. Similarly, materials science applications 

have integrated small-data modeling strategies with large 

language model screening to accelerate the discovery of new 

materials despite severe data constraints [21]. These 

developments illustrate the growing importance of robust 

domain adaptation techniques for real-world machine learning 

applications. 

Despite these advances, several limitations remain in 

existing domain adaptation methods. Distribution alignment 

approaches based on discrepancy measures such as Maximum 

Mean Discrepancy (MMD) focus primarily on reducing 

statistical divergence between domains but may struggle to 

capture complex nonlinear transformations when domain 

shifts are substantial. Adversarial domain adaptation methods, 

while powerful, can suffer from training instability and may 

not always guarantee effective alignment of high-level 

semantic features. Furthermore, many existing approaches 

treat adversarial learning and feature transformation as 

independent components, rather than integrating them into a 

unified framework that explicitly models how feature 

representations should be adapted across domains. 

To address these challenges, this paper proposes a Hybrid 

Adversarial Transfer with Feature Transformation (HATFT) 

framework for cross-domain transfer learning. The proposed 

approach integrates adversarial learning with an explicit 

feature transformation module and discrepancy-based 

alignment, enabling the model to simultaneously reduce 

distribution divergence and adapt feature representations 

across domains. By combining these complementary 

strategies within a unified training framework, HATFT aims 

to improve both the stability and effectiveness of cross-domain 

knowledge transfer. 

The main contributions of this paper are summarized as 

follows: 

• A novel HATFT framework is proposed, integrating 

adversarial learning with a feature transformation 

module to reduce domain discrepancies and enhance 

cross-domain generalization. 

• A dual-objective optimization strategy is introduced, 

combining adversarial loss with MMD to 

simultaneously achieve domain invariance and feature 

alignment. 

• An analytical study is presented to illustrate how the 

proposed architecture reduces both feature-space 

discrepancies and distribution divergence between 

source and target domains. 

• Extensive experiments conducted on the Office-31 

dataset (Amazon, DSLR, and Webcam domains) 

demonstrate the effectiveness of HATFT, achieving an 

average accuracy of 88.4% and outperforming several 

state-of-the-art methods including lapCNN and DAN. 

 

 

2. TRANSFER LEARNING  

 

Transfer learning is a method that exploits knowledge 

learned from a source domain DS = {XS, PS}  to enhance 

learning performance in a target domain DT = (XT, PT) [22]. In 

this formulation, X denotes the feature space, while P denotes 

the marginal probability distribution. A specific task T is 

defined by a label space Y, a prior distribution P(Y), and a 

conditional probability distribution P(Y | X). This conditional 

probability is typically learned from training data, consisting 

of input-label pairs xi ∈ X and yi ∈ Y [22, 23]. 

The transfer learning process can be formally represented 

as: 

 

MT = transfer(MS, TS, DS, TT, DT) (1) 

 

where, MS refers to the model initially trained on the source 

task TS within the source domain DS. The transformed model 

MT is then adapted to perform a new target task TT in the target 

domain DT. 

 

 
 

Figure 1. Taxonomy of transfer learning approaches, 

including transductive, inductive, and unsupervised 

categories 

 

The primary goal of transfer learning is to estimate the 

target conditional probability distribution P(YT | XT)  in the 

target domain DT by utilizing the information acquired from 
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the source domain DS and task TS. This approach is 

particularly relevant when either the feature spaces differ 

(DS ≠ DT) or the tasks are distinct (TS ≠ TT). In practice, this 

often assumes the presence of a limited set of labeled samples 

from the target domain or a larger dataset of unlabeled target 

examples. 

Based on how labeled data is used, transfer learning can be 

broadly classified into three main categories: transductive, 

inductive, and unsupervised transfer learning [24].  

Figure 1 illustrates this classification, providing a clear 

taxonomy of transfer learning approaches. 

 

2.1 Transductive transfer learning  

 

In transductive transfer learning, the model addresses the 

same fundamental task across both the source and target 

domains; however, the data distributions between these 

domains vary [25]. The primary objective is to manage the 

domain shift, ensuring that the model can generalize 

effectively to the target domain despite discrepancies in 

distribution [26]. 

This form of transfer learning encompasses two main 

scenarios:  

• Different Marginal Distributions: When 𝑃𝑆(𝑋𝑆) ≠
𝑃𝑇(𝑋𝑇) , indicating that the marginal probability 

distributions of the source and target domains are 

distinct. This scenario is typically referred to as domain 

adaptation [23, 25]. 

• Different Feature Spaces: When 𝑋𝑆 ≠ 𝑋𝑇 , meaning 

that the feature spaces of the source and target domains 

differ. 

 

2.2 Inductive transfer learning 

 

In inductive transfer learning, the model has access to label 

information for instances within the target domain [22, 25]. 

This approach can be categorized into three distinct scenarios 

[23]: 

• Different Prior Distributions: When 𝑃𝑆(𝑌𝑆) ≠ 𝑃𝑇(𝑌𝑇), 

meaning that the prior distributions of the source and 

target tasks differ, resulting in variations in label 

distributions across datasets [27, 28]. 

• Different Conditional Distributions: When 

𝑃𝑆(𝑌𝑆 | 𝑋𝑆) ≠ 𝑃𝑇(𝑌𝑇  | 𝑋𝑇) , indicating that the 

conditional probability distributions between the 

source and target tasks are not aligned. This situation 

arises when the class distributions in the source and 

target datasets are imbalanced [23]. In practice, this 

issue is often addressed using techniques such as over-

sampling, under-sampling, or Synthetic Minority Over-

sampling Technique (SMOTE) [29]. 

• Different Label Spaces: When 𝑌𝑆 ≠ 𝑌𝑇 , meaning the 

source and target tasks have distinct label spaces, 

requiring different label assignments for the target 

domain. A key distinction here is whether tasks are 

learned simultaneously or sequentially. Learning tasks 

concurrently falls under multi-task learning, while 

addressing tasks one after another is referred to as 

sequential transfer learning [23]. 

 

2.3 Unsupervised transfer learning  

 

Unsupervised transfer learning focuses on utilizing 

knowledge from a source domain DS that lacks labeled data to 

enhance learning in a target domain DT, where labeled 

examples are limited or entirely absent. The objective is to 

facilitate knowledge transfer from DS to DT without relying on 

labeled data from the target domain [30]. 

 

 

3. RELATED WORK  

 

Cross-domain transfer learning has become an essential 

approach for enabling machine learning models to generalize 

across heterogeneous data distributions. Early research in this 

area primarily relied on shallow transfer methods, where 

handcrafted features and statistical measures were used to 

reduce the discrepancy between source and target domains. 

Classical techniques such as Transfer Component Analysis 

(TCA) and Geodesic Flow Kernel (GFK) attempted to align 

domain distributions through subspace projection and 

statistical matching [31]. Although these methods 

demonstrated promising results, their reliance on handcrafted 

representations limited their ability to capture complex 

semantic structures in high-dimensional data. 

With the rapid development of deep learning, research 

gradually shifted toward deep domain adaptation methods that 

integrate representation learning with transfer mechanisms. 

These approaches leverage neural networks to learn high-level 

feature representations that are more transferable across 

domains. A major breakthrough was the introduction of 

adversarial domain adaptation frameworks. For example, 

Tzeng et al. [32] and Ganin et al. [33] proposed architectures 

in which a domain discriminator is trained to distinguish 

between source and target feature distributions, while a feature 

generator learns domain-invariant representations by 

attempting to fool the discriminator. This adversarial learning 

paradigm significantly improved cross-domain feature 

alignment and inspired many subsequent studies. To further 

enhance distribution alignment, several works incorporated 

statistical discrepancy measures such as MMD and correlation 

alignment to enforce closer matching between domain 

distributions [33]. 

More recent studies have explored hybrid and multi-level 

adaptation strategies that combine adversarial learning with 

additional alignment objectives. Long et al. [34] introduced a 

deep residual learning framework for domain adaptation that 

improves feature transferability across deep network layers. 

Zhang et al. [35] proposed adaptive adversarial normalization 

to dynamically align feature statistics during training, enabling 

better adaptation under distribution shifts. Similarly, Dayal et 

al. [36] presented the MDAMA framework, an adversarial 

multi-source domain adaptation method that aligns the target 

domain with a mixture distribution derived from multiple 

source domains, achieving improved performance in 

heterogeneous environments. 

Beyond adversarial approaches, alternative learning 

paradigms such as meta-learning and contrastive learning have 

been investigated to improve cross-domain generalization. 

Finn et al. [37] introduced Model-Agnostic Meta-Learning 

(MAML), which enables models to rapidly adapt to new tasks 

or domains using only a few training samples. Building on this 

idea, Wang et al. [38] proposed a domain-generalization meta-

learning framework that enhances robustness under extreme 

domain shifts by optimizing models for adaptability across 

diverse training domains. 

Domain adaptation techniques have also demonstrated 

strong potential in real-world applications. In computer vision, 
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Yosinski et al. [39] and Oquab et al. [40] showed that features 

learned by deep convolutional neural networks on large-scale 

datasets can be effectively transferred to different visual 

recognition tasks. In industrial and Internet-of-Things (IoT) 

applications, Qin and Zhao [41] applied domain adaptation for 

battery health estimation, while Chen et al. [42] utilized cross-

domain transfer learning to improve predictive performance in 

smart manufacturing systems. 

Despite these advances, several challenges remain. Many 

adversarial domain adaptation methods suffer from training 

instability and imbalance between the generator and 

discriminator objectives, which can hinder effective feature 

alignment. In addition, discrepancy-based approaches may 

struggle to capture complex nonlinear relationships when the 

domain gap becomes large. Furthermore, existing methods 

often focus on either distribution alignment or feature 

transformation independently, limiting their ability to achieve 

robust cross-domain generalization. 

To address these limitations, this study proposes a Hybrid 

Adversarial Transfer Learning with Feature Transformation 

(HATFT) framework. The proposed approach integrates 

adversarial domain adaptation with explicit feature 

transformation mechanisms, enabling simultaneous 

distribution alignment and feature consistency across domains. 

By combining these complementary strategies within a unified 

architecture, the HATFT model improves training stability and 

enhances the transferability of learned representations, leading 

to more reliable performance under significant domain shifts. 

 

 

4. PROPOSED METHOD  

 

In this research, we propose a novel hybrid approach that 

integrates adversarial training with a feature transformation 

layer to improve the alignment of feature spaces between 

domains. This method, referred to as HATFT, combines the 

advantages of adversarial learning with an innovative feature 

transformation layer to establish a robust and efficient 

framework for cross-domain transfer learning. 

The core concept of HATFT involves leveraging 

adversarial training to reduce domain discrepancies by 

encouraging the feature generator to produce features that are 

invariant across domains. Concurrently, the feature 

transformation layer explicitly aligns the feature distributions 

of the source and target domains, effectively narrowing the 

domain gap. This dual approach ensures that the extracted 

features are both domain-invariant and well-aligned, 

enhancing the model’s capacity to generalize across different 

domains. 

 

4.1 Overview of Hybrid Adversarial Transfer with Feature 

Transformation 

 

The HATFT architecture consists of four main components: 

a feature generator G, a feature transformation layer T, a 

domain discriminator D, and a task-specific classifier H, as 

illustrated in Figure 2. Each component plays a specific role in 

the domain adaptation process and is associated with a 

corresponding objective during training. 

The feature generator G extracts high-level feature 

representations from both source and target domain inputs. 

These features are then passed through the feature 

transformation layer T, which learns to adapt the 

representations in order to better align the source and target 

feature distributions. The transformed features are 

subsequently provided to the domain discriminator D, which 

attempts to distinguish whether the features originate from the 

source or the target domain. Through this adversarial 

interaction, the generator is encouraged to produce domain-

invariant representations. 

To train the model, multiple loss functions are jointly 

optimized. The adversarial loss between the generator 𝐺 and 

the discriminator D encourages the extraction of domain-

invariant features, while the transformation loss LT is 

specifically applied to the feature transformation layer T to 

regulate the alignment of feature representations. 

As defined in Eq. (9), the overall training objective 

integrates these components through a weighted combination 

of losses: 

 

𝐿𝑡𝑜𝑡𝑎𝑙  =  𝐿𝐺  +  𝐿𝐷  + 𝜆 𝐿𝑇 (2) 

 

where, LG and LD correspond to the adversarial objectives of 

the generator and discriminator, respectively, and LT 

represents the transformation loss associated with the feature 

transformation layer T. The weighting parameter 𝜆  controls 

the contribution of the transformation loss to the overall 

optimization objective. 

During training, the parameters of G, T, and D are updated 

jointly through backpropagation, ensuring that the generator 

learns domain-invariant features while the transformation 

layer explicitly aligns feature distributions between domains. 

As illustrated in Figure 2, this joint optimization allows the 

architecture to integrate adversarial learning with feature 

transformation in a unified framework. 

 

 
 

Figure 2. Architecture of the Hybrid Adversarial Transfer 

with Feature Transformation (HATFT) framework, showing 

the feature generator (G), feature transformation layer (T), 

domain discriminator (D), and task-specific head (H) 

 

4.1.1 Feature generator (G) 

The feature generator layer (G) is driven by the source 

domain data XS, which comprises labeled pairs (xs, ys), and 
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the target domain data XT, consisting of unlabeled examples 

(Xt).  

By encoding the input data XS and XT into feature vectors 

𝑓𝑠 = 𝐺(𝑥𝑠) and 𝑓𝑡 = 𝐺(𝑥𝑡) respectively, the feature generator 

seeks to develop domain-invariant features that form the basis 

for subsequent processing. Achieving domain invariance is 

essential for effective transfer learning, enabling the model to 

utilize knowledge from the source domain and apply it to the 

target domain despite potential differences in data distribution. 

The ability of the feature generator to produce robust and 

adaptable features is key to the success of the HATFT method, 

as it helps minimize domain discrepancies and promotes better 

cross-domain generalization. The feature generator is 

structured with multiple layers and incorporates non-linear 

activation functions. Initially, the first layer h1 processes the 

raw input data X, with each subsequent layer h1 building on the 

output of the previous one. The final output layer hL produces 

the result f= hL. The feature generation process can be 

mathematically defined as follows: 
 

{
ℎ1 = 𝜎(𝑊1𝑥 + 𝑏1)                                   

ℎ𝑙 = 𝜎(𝑊𝑙ℎ𝑙−1 + 𝑏𝑙) 𝑓𝑜𝑟 𝑙 = 2,3, … , 𝐿
 (3) 

 

where, W1 and b1 represent the weights and biases of the lth 

layer, respectively. And σ  denotes a non-linear activation 

function applied at each layer. 

The feature generation process follows the steps outlined in 

the algorithm below. 
 

Inputs: 

Source domain data 𝑋𝑆 = {𝑥𝑠𝑖
, 𝑦𝑠𝑖

}
𝑖=1

𝑁𝑆
  

Target domain data 𝑋𝑇 = {𝑥𝑇𝑗
}

𝑗=1

𝑁𝑇

 

Learning rates: 𝜂𝐺, 𝜂𝐷, 𝜂𝑇  

Balancing parameter 𝜆 

Initialize: 

Neural network parameters for feature generator G, feature 

transformation layer T, and discriminator D 

Training Loop: 

For each training iteration do: 

        Feature Generation: 

             Source features: 𝑓𝑠𝑖
 =  𝐺(𝑥𝑠𝑖

, ∀ 𝑥𝑠𝑖
∈  𝑋𝑆 

            Target features: 𝑓𝑡𝑗
 =  𝐺(𝑥𝑡𝑗

, ∀ 𝑥𝑡𝑗
∈  𝑋𝑇 

       Feature Transformation: 

            Transform source features:𝑓𝑠𝑖
 =  𝑇(𝑓𝑠𝑖

) 

            Transform target features: 𝑓𝑡𝑗
 =  𝑇(𝑓𝑡𝑗

) 

       Compute Losses: 

       Qescrimminator loss: 

𝐿𝐷  =  𝐵𝐶𝐸(𝐷(𝑓𝑠𝑖
), 1) + 𝐵𝐶𝐸 (𝐷 (𝑓𝑡𝑗

) , 0) 

      MMD/Transformation loss:𝐿𝑇  =  𝑀𝑀𝐷 (𝑓𝑠𝑖
, 𝑓𝑡𝑗

) 

     Total loss for G and T: 𝐿𝑡𝑜𝑡𝑎𝑙 = 𝐿𝐺 +  𝐿𝐷  + 𝜆 𝐿𝑇  

      Update Networks: 

  Update discriminator D parameters by minimizing 𝐿𝑎𝑑𝑣  

  Update feature generator G parameters by minimizing 𝐿𝑡𝑜𝑡𝑎𝑙  

Update feature transformation layer T parameters by minimizing 

𝐿𝑡𝑜𝑡𝑎𝑙  

End For 

Outputs: 

Transformed source features 𝐹̂𝑆 =  {𝑓𝑠𝑖
}  

Transformed target features 𝐹̂𝑇 =  {𝑓𝑡𝑗
} 

 

 

4.1.2 Feature transformation (T) 

The feature transformation layer is a crucial component of 

the HATFT architecture, specifically designed to align the 

feature distributions of the source and target domains. This 

layer operates on the feature vectors fs and ft generated by the 

feature generator G, applying a series of transformations to 

make their distributions more similar. By addressing domain 

discrepancies that typically hinder transfer learning 

effectiveness, this layer helps minimize the domain gap. 

This transformation not only reduces domain differences 

but also improves the model's robustness, enhancing its ability 

to generalize when exposed to unseen data from the target 

domain. The aligned features significantly boost the overall 

performance of the HATFT method by making transferred 

knowledge from the source domain more applicable and 

effective within the target domain. 

The transformation function T  involves multiple layers, 

optimized to minimize discrepancies between the source and 

target feature distributions. These layers may incorporate fully 

connected layers, normalization layers, and non-linear 

activation functions. 

The transformation process can be defined as: 

 

{
t1 = σ(W1f + b1)                                       

tk = σ(Wktk−1 + bk) for k = 2,3, … , K
 (4) 

 

where, 𝑊𝑘 and 𝑏𝑘 represent the weights and biases of the kth 

layer. And σ denotes a non-linear activation function. 

The final transformed feature f ′ = tK  corresponds to the 

output from the last layer. 

 

4.1.3 Domain discriminator (D) 

The domain discriminator D is responsible for 

distinguishing between features derived from the source 

domain and those from the target domain. Its main objective is 

to encourage the learning of domain-invariant features through 

adversarial training. The domain discriminator processes the 

transformed feature representations 𝐹(𝑓𝑠)  from the source 

domain and F(ft)  from the target domain, attempting to 

classify them accurately as either source or target domain 

features. 

During training, the feature generator G is simultaneously 

trained to confuse the domain discriminator, making it harder 

to correctly differentiate between the two domains. This 

adversarial interaction minimizes domain-specific 

characteristics in the feature representations, pushing the 

generator to produce more domain-invariant features. 

As a result, the model becomes better at generalizing across 

domains since the learned features become less dependent on 

specific traits from either the source or target domain. The 

domain discriminator's ability to drive this adversarial process 

is crucial for minimizing domain discrepancies and enhancing 

the overall effectiveness of the transfer learning framework. 

The output of the domain discriminator D(f) represents the 

probability that the feature f originates from the source domain. 

Its objective function is to maximize the accuracy of domain 

classification for the input features. 

The feature generator (G), on the other hand, aims to 

minimize the discriminator's ability to distinguish between the 

source and target features. 

For the domain discriminator loss function LD, we 

implement a hinge loss to encourage margin-based separation. 

This approach pushes the discriminator to output values closer 

to +1 for source domain features and -1 for target domain 

features, enhancing its ability to effectively distinguish 

between the two domains. The loss function for the domain 
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discriminator is defined as: 

 

𝐿𝐷 = −𝐸𝑥𝑠∼𝑋𝑆
[min (0, −1 + 𝐷(𝐺(𝑥𝑠)))]

− 𝐸𝑥𝑡∼𝑋𝑇
[min (0, −1

− 𝐷(𝐺(𝑥𝑡)))] 

(5) 

 

This formulation penalizes incorrect classifications by 

enforcing a margin, encouraging stronger domain separation 

in the learned feature space. 

For the feature generator loss function LG, instead of the 

conventional adversarial loss, we use a feature matching loss. 

This loss minimizes the L2 distance between the mean feature 

representations of the source and target domains. The 

objective is to directly align the statistical properties of the two 

domains, encouraging the generator to produce domain-

invariant features. This method fosters better feature 

generalization and can significantly improve domain 

adaptation performance. The loss function is defined as: 

 

𝐿𝐺 = ‖𝐸𝑥𝑠∼𝑋𝑆
[𝐺(𝑥𝑠)] − 𝐸𝑥𝑡∼𝑋𝑇

[𝐺(𝑥𝑡)]‖
2

2
 (6) 

 

4.1.4 Task specific head 

The role of the task-specific head (H) in processing 

transformed features to generate predictions relevant to a 

given task. Typically, this head is made up of fully connected 

layers followed by an output layer, with its architecture 

designed according to the specific nature of the task. For 

classification tasks, the output layer usually applies a softmax 

activation function to produce probabilities for each class, 

while for regression tasks, a linear activation function is used 

to generate continuous values. In the HATFT model, the task-

specific head works in conjunction with the feature generator 

and feature transformation layer to ensure that the final 

predictions are based on domain-invariant features that are 

well-aligned between the source and target domains. This 

alignment effectively transfers knowledge from the source 

domain to the target domain, improving performance on the 

target task. 

 

4.2 Theoretical analysis of Hybrid Adversarial Transfer 

with Feature Transformation 

 

This section introduces the theoretical foundation of 

HATFT in the context of cross-domain transfer learning. The 

main objective is to transfer knowledge from a source domain 

(XS, YS) to a target domain (XT, YT), where the data 

distributions P(XS) and P(XT) are different. The key challenge 

lies in aligning the feature distributions P(FS) and P(FT) to 

ensure that a model trained on the source domain XS  can 

generalize effectively to the target domain XT. This section 

presents a theoretical analysis of how HATFT addresses this 

challenge and enhances cross-domain transfer learning, 

supported by relevant mathematical formulations. 

 

4.2.1 Adversarial training 

The objective of adversarial training is to encourage the 

feature generator G to learn domain-invariant features through 

the use of a domain discriminator D. Here, D aims to 

differentiate between features extracted from the source and 

target domains, while G seeks to deceive D by producing 

features that are indistinguishable across domains. 

In this updated framework, we introduce modified loss 

functions for both the discriminator and the generator to better 

enhance domain alignment.  

The goal is now to minimize LG while maximizing LD, 

forming a revised min-max optimization problem: 

 

min 
G

max
D

(G, D) = 𝐿𝐺 + 𝐿𝐷 (7) 

 

At equilibrium, the discriminator D becomes unable to 

distinguish between G(xt)  and G(xs) , meaning P(G(xs)) =
P(G(xt). This equilibrium ensures that the learned features are 

domain-invariant, thereby improving the model’s ability to 

generalize across domains. 

 

4.2.2 Feature transformation layer 

The feature transformation layer (T) further aligns the 

feature distributions by transforming the feature vectors fs  =
 G(xs) and ft  =  G(xt) to minimize their discrepancy. It uses 

the following discrepancy loss function: 

 

𝐿𝑇 = 𝑀𝑀𝐷(𝑇(𝐹𝑆), 𝑇(𝐹𝑇)) (8) 

 

where, MMD is the Maximum Mean Discrepancy, a measure 

of the distance between two distributions. The overall 

objective of HATFT is to minimize the adversarial loss and the 

discrepancy loss: 

 

min 
G

max
D

(G, D) +λLT (9) 

 

Here, λ is a hyperparameter balancing the adversarial and 

discrepancy losses. Minimizing MMD ensures that the feature 

distributions are aligned, reducing the domain gap. This 

combined objective balances adversarial training and feature 

transformation, leading to improved cross-domain 

generalization. 

In summary, HATFT leverages adversarial training to 

create domain-invariant features and a feature transformation 

layer to align feature distributions, thereby improving the 

effectiveness of cross-domain transfer learning. 

 

 

5. EXPERIMENTS  

 

This section presents the experimental setup designed to 

rigorously evaluate the performance of the HATFT method. 

We aim to demonstrate the efficacy of HATFT in enhancing 

cross-domain transfer learning by simultaneously minimizing 

domain discrepancy and optimizing adversarial alignment. 

Specifically, we assess the impact of the updated adversarial 

loss LD and generator loss LG in reducing the domain gap and 

improving model generalization. 

This thorough and systematic approach ensures the validity 

and reliability of our findings, highlighting the practical 

advantages of the HATFT method in achieving robust and 

domain-invariant feature representations. 

 

5.1 Datasets description 

 

In this study, we utilized the Office-31 dataset, a widely 

recognized benchmark in cross-domain transfer learning. The 

dataset consists of three distinct subsets: (1) The Amazon 

dataset, which contains 2,817 product images sourced from the 

Amazon website. These images exhibit significant variability 
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in background and lighting conditions across 31 categories. 

(2) The DSLR dataset, comprising 498 high-quality images 

captured with a DSLR camera. These images maintain 

consistent lighting and background conditions, also spanning 

31 categories. (3) The Webcam dataset, which includes 795 

images taken with a low-resolution webcam. These images 

often display lower quality and higher noise levels, yet still 

cover the same 31 categories. 

In our experiments, we used the Amazon dataset as the 

source domain for both the DSLR and Webcam datasets. 

Additionally, we used the DSLR dataset as the source domain 

for the Webcam dataset. 

 

5.2 Implementation details 

 

To ensure reproducibility of the proposed HATFT 

framework, we provide detailed implementation settings, 

including network architecture, hyperparameters, optimization 

strategy, and computational environment. 

The feature generator 𝐺  was implemented using a neural 

network consisting of three fully connected layers with [256, 

128, 64] neurons respectively. The Rectified Linear Unit 

(ReLU) activation function was used in all hidden layers to 

introduce non-linearity, while a softmax activation was 

applied in the output classification layer. 

The feature transformation layer T was constructed using 

two fully connected layers with batch normalization to 

stabilize training and improve distribution alignment between 

source and target domains. 

The domain discriminator D consisted of two fully 

connected layers with 128 and 64 neurons, followed by a 

sigmoid activation function to output domain classification 

probability. 

The trade-off parameter 𝜆 in Eq. (9) was selected 

empirically through grid search over the set {0.1, 0.3, 0.5, 0.7}. 

The best performance was obtained when 𝜆 = 0.5 , which 

provided a good balance between adversarial learning and 

feature transformation loss. 

The model was trained using the Adam optimizer with an 

initial learning rate of 1e-4. The learning rate was reduced by 

a factor of 0.1 if validation loss did not improve for 5 

consecutive epochs. Training was conducted for 50 epochs 

with a batch size of 32. 

Average training time per experiment was approximately 4–

5 hours depending on domain transfer task. 

 

5.3 Results and discussion  

 

The results are presented in two sections: (1) The first 

section examines the training losses of both the discriminator 

and generator in our transfer learning model. (2) The second 

section compares the classification performance of the 

retrained model on the target domain dataset with previous 

works from the literature. 

 

 

 
 

Figure 3. Performance analysis of Hybrid Adversarial Transfer with Feature Transformation (HATFT) across Office-31 domain 

shifts: Comparative evaluation of adversarial losses, Maximum Mean Discrepancy (MMD) discrepancy, and classification 

accuracy 
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5.3.1 Adversarial learning process results 

The adversarial learning process of the proposed transfer 

learning model is illustrated in Figure 3. The generator loss 

initially starts at a relatively high value but decreases rapidly 

during the early training epochs, indicating that the feature 

generator quickly improves its ability to extract domain-

invariant representations. Meanwhile, the discriminator loss 

starts lower but gradually increases before stabilizing, 

reflecting the adversarial competition between the generator 

and discriminator during training. 

The stabilization of both generator and discriminator losses 

after approximately ten epochs suggests that the adversarial 

optimization process has reached a balanced state. This 

equilibrium indicates that the generator is producing features 

that are difficult for the discriminator to distinguish, while the 

discriminator maintains sufficient discriminative capability 

without dominating the training process. 

The MMD loss exhibits a sharp decline during the initial 

training phase and approaches near-zero values as training 

progresses. This behavior reflects the effectiveness of the 

feature transformation layer 𝑇 , which explicitly minimizes 

statistical divergence between source and target feature 

distributions. The rapid reduction of MMD loss suggests that 

the transformation mechanism successfully captures shared 

structural characteristics across domains, facilitating efficient 

domain alignment. 

The convergence behavior observed in the loss curves is 

consistent with the design objective of the HATFT framework, 

where adversarial learning promotes representation robustness 

and the transformation layer enforces distribution-level 

alignment. Minor fluctuations observed in certain transfer 

directions, such as Amazon→DSLR and Webcam→DSLR, 

may be attributed to variations in domain complexity and noise 

characteristics across datasets. 

The convergence behavior observed in the loss curves is 

consistent with the design objective of the HATFT framework, 

where adversarial learning promotes representation robustness 

and the transformation layer enforces distribution-level 

alignment. Minor fluctuations observed in certain transfer 

directions, such as Amazon→DSLR and Webcam→DSLR, 

may be attributed to variations in domain complexity and noise 

characteristics across datasets. 

The convergence behavior observed in the loss curves is 

consistent with the design objective of the HATFT framework, 

where adversarial learning promotes representation robustness 

and the transformation layer enforces distribution-level 

alignment. Minor fluctuations observed in certain transfer 

directions, such as Amazon→DSLR and Webcam→DSLR, 

may be attributed to variations in domain complexity and noise 

characteristics across datasets. 

It is also worth noting that the Office-31 dataset exhibits 

moderate domain shift complexity, which may contribute to 

the rapid convergence of discrepancy loss. The combination of 

adversarial training and explicit feature distribution alignment 

allows the HATFT model to efficiently reduce domain gap 

even when training data are limited. 

Overall, the training dynamics demonstrate that the hybrid 

integration of adversarial learning and feature transformation 

contributes to stable optimization and effective cross-domain 

feature adaptation. 

 

5.3.2 Classification performances of Hybrid Adversarial 

Transfer with Feature Transformation 

The results presented in Table 1 show that HATFT achieves 

outstanding performance compared to existing methods on the 

Office-31 dataset. It obtains the highest accuracies on the 

A→D and A→W tasks (97.2% and 85.8%, respectively), 

surpassing all other approaches, including state-of-the-art 

methods such as DAN and lapCNN. 

For the W→D task, HATFT achieves an accuracy of 82.2%, 

which is slightly lower than its performance on other transfer 

directions, indicating potential for further improvement in this 

domain shift. Nevertheless, this result remains competitive 

and superior to traditional methods like TCA and GFK. 

Overall, HATFT reaches an average accuracy of 88.4%, 

demonstrating strong and balanced performance across all 

transfer tasks. These findings confirm that the proposed 

method offers a robust and effective solution for domain 

adaptation, benefiting from its innovative feature 

transformation and transfer learning strategies. 

 

Table 1. Accuracy on Office-31 dataset with some methods 

of literature [43] 

 
Method A→W A→D W→D Average 

TCA 21.5±0.0 50.1±0.0 58.4±0.0 43.33 

GFK 19.7±0.0 49.7±0.0 63.1±0.0 44.17 

CNN 61.6 ± 0.5 95.4±0.3 99.0±0.2 85.33 

lapCNN 60.4±0.3 94.7±0.5 99.1±0.2 84.73 

DDC 61.8 ± 0.4 95.0±0.5 98.5±0.4 85.1 

DAN 68.5 ± 0.4 96.0±0.3 99.0±0.2 87.83 

DAN7 63.2±0.2 94.8±0.4 98.9±0.3 85.63 

DAN8 63.8 ± 0.4 94.6±0.5 98.8±0.6 85.73 

DANSK 63.3±0.3 95.6±0.2 99.0±0.4 85.96 

HATFT 85.8 97.2 82.2 88.4 

 

5.3.3 Ablation study 

To evaluate the contribution of each core component of the 

proposed HATFT framework, an ablation study was 

conducted by removing key modules from the architecture. 

Specifically, we compared the full HATFT model with two 

variant configurations: (1) HATFT without the feature 

transformation layer (HATFT w/o T), and (2) HATFT without 

adversarial training (HATFT w/o Adv). 

The results, summarized in Table 2, show that removing 

either component leads to a significant reduction in transfer 

performance across all domain adaptation tasks. The full 

HATFT achieves an average accuracy of 88.4%, 

outperforming HATFT w/o T (73.57%) and HATFT w/o Adv 

(65.67%). These results clearly demonstrate that both feature 

transformation and adversarial learning contribute 

substantially to the effectiveness of the model. 

 

Table 2. Accuracy comparison between Hybrid Adversarial 

Transfer with Feature Transformation (HATFT), HATFT w:o 

T, and HATFT w/o Adv 

 
Method A→W A→D W→D Average 

HATFT 85.8 97.2 82.2 88.4 

HATFT w/o T 71.6 82.4 66.7 73.57 

HATFT w/o Adv 63.2 70.1 63.7 65.67 

 

Figure 4 illustrates the training dynamics of the ablation 

variants. The full HATFT demonstrates faster convergence 

and lower final loss compared with the two simplified variants. 

Removing the feature transformation layer leads to slower 

convergence, while removing adversarial learning 

substantially reduces feature alignment and overall 

performance. Overall, the hybrid combination of adversarial 
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learning and feature transformation proves essential for 

effective domain adaptation, delivering superior performance 

across all transfer tasks. 

Figure 4 illustrates the training dynamics of the ablation 

variants. The full HATFT model demonstrates faster 

convergence and lower final loss compared with the two 

simplified variants. Removing the feature transformation layer 

leads to slower convergence, while removing adversarial 

learning significantly reduces feature alignment effectiveness. 

These results confirm that the hybrid combination of 

adversarial learning and feature transformation contributes to 

improved domain adaptation. 

 

    

   
 

Figure 4. Ablation study of Hybrid Adversarial Transfer with Feature Transformation (HATFT): Impact of feature 

transformation and adversarial learning on training dynamics and final losses 

 

 

6. CONCLUSION  

 

In this paper, we proposed HATFT, a hybrid adversarial and 

feature transformation framework for cross-domain transfer 

learning. By combining a generator-discriminator architecture 

with MMD loss, HATFT effectively aligns source and target 

domain features, enabling robust feature transfer. Experiments 

on the Amazon, WebCam, and DSLR datasets demonstrated 

strong performance, with HATFT achieving 85.8% accuracy 

for Amazon→WebCam, 97.2% for Amazon→DSLR, and 

82.2% for WebCam→DSLR, outperforming several state-of-

the-art methods and achieving an average accuracy of 88.4%. 

Theoretically, this work highlights that integrating 

adversarial alignment with feature transformation provides a 

stable and generalizable strategy for hybrid domain adaptation, 

offering a design principle for future model development. 

Practically, HATFT’s architecture can be extended to other 

domain-shift scenarios, such as medical imaging, industrial 

defect detection, remote sensing, or real-time applications 

where labeled data are limited. 

For future research, we recommend exploring multi-source 

adaptation, incorporating Vision Transformer-based feature 

generators, or leveraging self-supervised learning to further 

enhance cross-domain generalization. Evaluating HATFT on 

larger and more diverse datasets could also provide deeper 

insights into its robustness and scalability. 

Overall, HATFT demonstrates a practical and theoretically 

grounded approach to addressing domain shift in visual 

recognition, offering guidance for model design and 

inspiration for future advances in domain adaptation. 
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