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Abstract: In visual domain adaptation, the goal is to train effective classifiers for the target domain by leveraging 

information from the source domain. In unsupervised domain adaptation, the source domain provides labeled data while 

the target domain lacks labels. However, it is crucial to recognize that the source and target domains have different 

underlying distributions despite sharing the same label space. Directly applying source domain information to the target 

domain often leads to poor performance due to the distribution gap between the two domains. Unsupervised do- main 

adaptation aims to bridge this gap and improve performance. We introduce a comprehensive UDADFSP (Unified Domain 

Adaptation with Discriminative Features and Similarity Preservation) de- signed explicitly for unsupervised domain 

adaptation to tackle these challenges. Our framework focuses on incorporating discriminative and invariant features. We 

employ clustering with entropy regularization on the unlabeled target domain to refine the neighbor relationships. This 

step significantly enhances the alignment between the target and source domains, facilitating a more effective adaptation. 

Furthermore, we seamlessly incorporate discriminative features while preserving similarity in the source and target 

domains. We carefully balance the discrimination and similarity aspects by considering linear and non-linear data 

representations. Extensive testing demonstrates that learning discriminative and similarity features in the same feature 

space yields significant improvements over several state-of-the-art domain adaptation techniques. In a comparative 

evaluation, our approach surpasses several existing methods across four diverse cross-domain visual tasks and the 

Amazon re- view sentiment analysis task. 

 

Index Terms: Distribution shift, Discriminative features, Entropy regularization, Domain adaptation. 

 

 

1. Introduction 

The core principle of conventional machine learning hinges on the belief that training and testing data stem from a 

shared distribution, assuming independence and identically. Nevertheless, this assumption falls short due to the dynamic 

nature of data, which can vary over time and across different environments. Consequently, the model learned from the 

training data may exhibit inferior performance when con- fronted with biases or domain shifts in the dataset. Numerous 

researchers [1, 2, 3, 4] have proposed various algorithms and strategies to tackle these challenges. Recent studies have 

emphasized the importance of employing domain-aware algorithms to address cross-domain learning transfer issues [1]. 

Applications across domains such as computer vision, hyper-spectral images, natural language processing, and time 

series analysis have demonstrated potential for adaptability [5]. When source and target data distributions differ, domain 

adaptation becomes relevant. For example, in visual recognition, the testing and training distributions may differ due to 

various factors, such as camera quality, sensor type, resolution, background clutter, environmental conditions, and view 
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angle. Obtaining labeled data for visual recognition tasks is time-consuming and demanding, often resulting in a 

significant portion of unstructured or unlabeled data. Domain adaptation offers a solution to these challenges by utilizing 

labeled data from a source domain to improve the performance of the target domain, even when labeled data in the target 

domain is limited or unavailable. Depending on the availability of labeled target data, domain adaptation can be classified 

into three forms: supervised, semi-supervised, and unsupervised domain adaptation. The target domain is labeled in a 

supervised setting. In semi-supervised adaptation, there is a labeled data, while in the unsupervised target domain, 

bridging the domain gap between components to align their distributions is a crucial challenge in domain adaptation. Fig. 

1 illustrates the concepts of domain adaptation. 

 

 

Fig. 1. In the illustrations of domain adaptation, circles and triangles are used as visual representations of different classes, representing distinct 
categories  

Most recent studies have independently investigated three learning techniques for domain adaptation: 

 

1. Feature-based finds domain-invariant features and de- creases distribution simultaneously [1, 6, 7, 8]. 

2. Instance re-weighting decreases distributions by reweighting the source domain, training the classifier on the 

re-weighted domain, and testing the target domain [9, 10, 11]. Re-weighting permits a sample of the data from 

the source domain to seek learning in the target domain. 

3. Adversarial-based domain adaptation learns a biased representation from labels in the source domain, and then 

uses an asymmetric mapping known as a domain- adversarial loss to map the target data to the same space [12, 

13]. 

 

This study employs an approach based on features, combining graph clustering and entropy regularization to handle 

unannotated target domains. The method utilizes adaptive neighbors to enhance the adaptation process effectively [14]. 

Unlike many previous studies that have prioritized maximizing domain invariance to improve feature transferability at the 

cost of discriminative features, we advocate for integrating both invariant and discriminative feature domains. This 

approach aims to balance domain adaptation and preserving discriminative information for more effective and accurate 

model performance. Clustering and entropy regularization techniques address the challenge of unlabeled target do- mains. 

Traditional k-means clustering allocates individual data points to a separate group, posing limitations. In contrast, FKM 

clustering provides probabilistic or fuzzy clustering, offering a more flexible approach [15]. Entropy regularization 

provides confidence in assigning each affinity matrix [14, 15]. The primary objective of this paper is to combine 

discriminative features and promote similarity preservation across domains in unsupervised domain adaptation (UDA) 

using entropy regularization and adaptive neighbor’s clustering. Moreover, the study considers the domains’ geometric 

structures and statistical distributions to achieve more robust and effective domain adaptation. To summarize, the 

following are our significant contributions: 

 

• Retain the distinct features of both the source and the target domains. 

• The geometrical structures are regulated and similarity is strengthened by reducing domain scatterings using 

Maximum Mean Discrepancy (MMD). 

• For source domains, intra-class distance is minimized while inter-class distance is maximized. 

• The clustering of the target domain is carried out using entropy regularization and adaptive neighbors, 

facilitating more accurate and effective adaptation. 

• The experimental setup includes handling linear and non-linear data using kernel functions. 

 

The rest of the paper is organized as follows. The related approach for domain adaptation is discussed briefly in 

section 2. Section 3 elaborates on our approaches. Then, we provide our approach, followed by objective function 

formulations in section 4. Section 5 discusses experimental findings and a thorough evaluation of five benchmark datasets. 

Lastly, in section 6, we conclude and provide a future direction for our study. 
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2. Related Works 

The Joint Geometrical and Statistical Alignment (JGSA) approach aims to align both domains by projecting them 

into subspaces and minimizing geometrical and statistical distributions [16]. Nevertheless, the main emphasis of JGSA 

lies in achieving domain-invariant features and enhancing transferability between components, neglecting to incorporate 

domain-discriminant features and preserving similarity across domains. This omission can lead to negative transfer, 

resulting in poor performance and inconsistent results. Therefore, our study considers handling negatively transfer- able 

features to mitigate such issues. 

Transfer Feature Learning with Joint Distribution Adaptation (JDA) aims to construct new feature representations by 

minimizing the divergence between the source and target do- mains regarding marginal and conditional distributions, 

using dimensional reduction techniques [17]. However, JDA does not explicitly consider specific features and the 

geometrical information of the data. These aspects are not directly addressed in the JDA method. Moreover, it fails to 

consider the significance of intra-class and inter-class distances for grasping appropriate information in the data. (TJM) 

[18] procedure seeks to jointly approximate feature representations with examples while re-sample instances across 

domains.  It incorporates dimensional reduction principles and creates new feature representations invariant to domain 

distribution differences. While TJM prioritizes domain-consistent features, it ignores the preservation of discriminative 

features and the similarity between domains. These aspects are not explicitly addressed within the TJM approach. 

Furthermore, TJM does not maintain any source and target domain information. 

The DJP-MMD approach for Domain Adaptation, as introduced in [19], seeks to simultaneously account for 

transferability and discriminability by leveraging joint Likelihood MMD. Nevertheless, DJP-MMD overlooks the 

consideration of sample dimensionality and the preservation of geometrical structures within domains. Deep CORAL [20] 

is a UDA technique that uses second-order statistics to lessen the issuance discrepancy between the source and target 

domains. It caters to situations where the target domain lacks labels while the source domain is labeled. CORAL [21], an 

approach, aligns the second-order statistics of the source and target distributions by employing linear transformations. 

Deep CORAL [22] builds upon this concept and extends it to learn non- linear further on this idea by introducing 

non-linear modifications into DNNs, allowing for the matching of correlations among layer activations. 

The incorporation of entropy regularization and adaptive neighbors in the ERCAN method [14, 23] allows it to 

surpass the limitations of k-means and spectral clustering in unlabeled datasets, leading to improved performance and 

greater robustness. ERCAN [24] also combines graph clustering with a Laplacian rank constraint matrix and introduces 

an affinity matrix. This further enhances the method’s ability to handle unsupervised domain adaptation challenges. 

While ERCAN utilizes the l-0 norm for adaptive neighbors, which enables sparse and robust segmentation, it does not 

consider domain adaptability. Our study addresses the challenges of an unsupervised target domain through entropy 

regularization and adaptive neighbor clustering. 

3. Proposed Approach 

3.1. Problem definition and notations 

This section addresses the problem statement and introduces relevant terminologies and notations.  

Table 1. Glossary of notations 

 

Description Notation 

Target and Source domain Dtr , Dsr 

Projection vectors for the source and target domains C, D 

Count of target/source examples nt , ns 

The marginal distribution of the target/source domain Pt ,Ps 

Source domain, along with their corresponding labels Xs,Ys 

Target domain along with their corresponding labels Xt ,Yt 

Transferred elements m 

Between class/Within-class scattered matrix Sb, Sw 

Basis vectors of the subspace k 

The conditional distribution of target domain pt (yt | xt ) 

Regularizer parameter λ 

The conditional distribution of source domain ps(ys | xs) 

Kernel matrix of source /target Ks, Kt 

Dimension of each sample/samples in both domains d, N 

Transpose T 

Identity matrix I 

Affinity matrix si j 

Target and source column vectors have a value of one 1t , 1s 

Input data includes target and source examples X 

Class, number of class c, Cl  

Parameters controlling the trade-off β,µ ,  γ 
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The source domain, denoted by𝑋𝑠 ∈ ℝ𝐷×𝑛𝑠 , originates from the distribution𝑃𝑠(𝑋𝑠) , while the target domain, 

represented as 𝑋𝑡 ∈ ℝ𝐷×𝑛𝑡, is drawn from the distribution 𝑃𝑡(𝑋𝑡). In this context, 𝐷 refers to the dimensionality of the 

examples, while 𝑛𝑠 and 𝑛𝑡 indicate the respective number of instances in the source and target domains. We focus on the 

UDA situation due to the availability of ample labeled data in the source domain, denoted as 𝒟𝑠𝑟 = {(𝐱𝑖 , 𝑦𝑖)}𝑖=1
𝑛𝑠 , 𝐱𝑖 ∈ ℝ𝐷, 

and unlabeled data in the target domain, denoted as 𝒟𝑡𝑟 = {(𝐱𝑗)}
𝑗=1

𝑛𝑡
, 𝐱𝑗 ∈ ℝ𝐷, during the training stage. We assume that 

the feature and label spaces are the same across domains: 𝒳𝑠 = 𝒳𝑡  and𝒴𝑠 = 𝒴𝑡, but the distributions 𝑃𝑠(𝑋𝑠) and 𝑃𝑡(𝑋𝑡) 

differ due to domain shift. The assumption of a unified transformation𝜙(⋅), satisfying 𝑃𝑠(𝜙(𝑋𝑠)) = 𝑃𝑡(𝜙(𝑋𝑡)) and𝑃𝑠(𝑌𝑠 ∣

𝜙(𝑋𝑠)) = 𝑃𝑡(𝑌𝑡 ∣ 𝜙(𝑋𝑠)), is invalid in the presence of domain shift in the dataset. Table 1 briefly explains each symbol. 

3.2. Methods 

Our goal formulation involves the subsequent steps: A) Retaining discriminative information from the source 

domain. B) Maintaining discriminatory information of the target domain. C) Employing MMD (Maximum Mean 

Discrepancy) to ensure similarity preservation between the two domains. D) Minimization of subspace divergence. E) 

Incorporating entropy regularization enables clustering within the target domain with adaptive neighbors. 

A. Retaining discriminative information from the source domain: 

Let us denote the projected vectors for the source and target domains as C and D, respectively. The preservation of 

discriminative properties is feasible due to the availability of ample labeled source data for unsupervised domain 

adaptation. We employ inter-class and intra-class strategies to minimize variation within categories and maximize 

variance across categories, thereby retaining the discriminative characteristics. Given the labeled nature of the source 

domain, we utilize Linear Discriminant Analysis (LDA) to reduce dimensionality and construct a scatter matrix that 

captures both within-class and between-class variations 

 

max
𝐶

Tr(𝐶𝑇𝑆𝑏𝐶)                                                                               (1) 

 

min
𝐶

Tr(𝐶𝑇𝑆𝑤𝐶)                                                                                (2) 

 

𝑆𝑤 = ∑ 𝑋𝑠
(𝑐)𝐶𝑙

𝑐=1 𝐻𝑠
(𝑐)

(𝑋𝑠
(𝑐)

) 𝑇                                                                       (3) 

 

Sb = ∑ ns
(c)Cl

c=1 (ms
(c)

− m⃐   s)(ms
(c)

− m⃐   s)
T
                                                        (4) 

 

where Xs
(c)

∈ ℝD×ns
(c)

 is the source samples belong to the categories c, ms
(c)

=
1

ns
(c) ∑ xi

(c)ns
(c)

i=1 , m⃐   s =
1

ns
∑ xi

ns
i=1 , Hs

(c)
=

Is
(c)

−
1

ns
(c) 1s

(c)
(1s

(c)
)

T
 is the within class centering matrix c, Is

(c)
∈ ℝns

(c)
×ns

(c)

 is the identity matrix, 1s ∈ ℝns
(c)

. 

B. Maintaining discriminatory information of the target domain:  

In the absence of labeled information in the target domain, we employ pseudo-labeling data obtained through 1-NN 

classification. We apply PCA to map the destination domain features to a low-dimension subspace to capture the 

distinguishing features in the target domain. 

 

max
D

Tr(DTStD)                                                                               (5) 

 

St = XtHtXt
T                                                                                  (6) 

 

St represents the scatter matrix of the target domain, and Ht = It −
1

nt
1t1t

T is the centering matrix, where 1t ∈ ℝnt  is 

an all-ones vector of columns . By maximizing the variance in the target domain, we aim to capture discriminative 

features. Furthermore, we take into account both likeness and discriminability within classes and between classes in the 

target domain to achieve a more effective domain adaptation. 

C. Employing MMD (Maximum Mean Discrepancy):  

MMD (Maximum Mean Discrepancy) is a common method for minimizing distribution discrepancies between two 

samples (i.e., the source domain and target domain) by comparing sample means. When the means of two sample 

distributions are equivalent, it signifies they came from the same distribution. We used the following formulas to 

minimize divergence:- 

 

min
𝐶,𝐷 ∥∥

∥ 1

𝑛𝑠
∑ 𝐶𝑇

𝑥𝑖∈𝐾𝑠
𝑥𝑖 −

1

𝑛𝑡
∑ 𝐷𝑇

𝑥𝑗∈𝐾𝑙
𝑥𝑗∥∥

∥
𝐹

2
                                                          (7)



Unified Domain Adaptation with Discriminative Features and Similarity Preservation 

Volume 16 (2024), Issue 2                                                                                                                                                                        43 

If minimizing the marginal distribution across domains and the K-dimension of the subspace is insufficient, we 

incorporate conditional distributions after pseudo-labeling the target domains. It is recommended to utilize pseudo-labels 

predicted by the source domain classifier to exploit conditional class distributions in the target domains. Subsequently, the 

pseudo-labels in the target domain are iteratively redefined to reduce the discrepancies in the conditional distributions 

between the two domains. This approach allows for a more refined and accurate domain adaptation process. 

 

min
𝐶,𝐷

∑
∥
∥
∥ 1

𝑛𝑠
(𝑐) ∑ 𝐶𝑇

𝐱𝑖∈𝑋𝑠
(𝑐) 𝐱𝑖 −

1

𝑛𝑡
(𝑐) ∑ 𝐷𝑇

𝐱𝑗∈𝑋𝑡
(𝑐) 𝐱𝑗∥

∥
∥

𝐹

2
𝐶𝑙
𝑐=1                                                    (8) 

 

We fuse both marginal and conditional distributions (7) and (8) 

 

min
C,D ∥∥

∥ 1

ns

∑ CT
xi∈Ks

xi-
1

nt

∑ DT
xj∈Kt

xj∥∥
∥

F

2

+min
C,D

∑
∥
∥
∥ 1

ns
(c) ∑ CT

xi∈Xs
(c) xi-

1

nt
(c) ∑ DT

xj∈Xt
(c) xj∥

∥
∥

F

2
Cl
c=1  

              (9) 

 

 

Fig. 2. The proposed approach involves the following steps: a) Extract features and obtain the marginal distributions of the source and target domains, 

denoted as Ps and Pt, respectively. b) Project both domains into subspaces. c) Utilize Maximum Mean Discrepancy (MMD) to align the domains. d) 
Apply a classifier, which may not perform well initially. e) Introduce entropy regularization to improve classification accuracy. f) For non-linear datasets, 

apply a kernel function and entropy regularization. 

The final distribution divergence is as follows. 

 

min
𝐶,𝐷

Tr ([𝐶𝑇 𝐷𝑇] [
𝑀𝑠 𝑀𝑠𝑡

𝑀𝑡𝑠 𝑀𝑡
] [

𝐶
𝐷

])                                                             (10) 

 

𝑀𝑠 = 𝑋𝑠(𝑂𝑠 + ∑ 𝑂𝑠
(𝑐)𝐶𝑙

𝑐=1 )𝑋𝑠
𝑇 , 𝑂𝑠 =

1

𝑛𝑠
2 1𝑠1𝑠

𝑇 ,

(𝑂𝑠
(𝑐)

)
𝑖𝑗

= {

1

(𝑛𝑠
(𝑐)

)
2 𝐱𝑖 , 𝐱𝑗 ∈ 𝑋𝑠

(𝑐)

0 otherwise

𝑀𝑡 = 𝑋𝑡(𝑂𝑡 + ∑ 𝑂𝑡
(𝑐)𝐶𝑙

𝑐=1 )𝑋𝑡
𝑇 , 𝑂𝑡 =

1

𝑛𝑡
2 1𝑡1𝑡

𝑇 ,

(𝑂𝑡
(𝑐)

)
𝑖𝑗

= {

1

(𝑛𝑡
(𝑐)

)
2 𝐱𝑖, 𝐱𝑗 ∈ 𝑋𝑡

(𝑐)

0 otherwise

                          

                                                  (11) 

 

𝑀𝑠𝑡 = 𝑋𝑠(𝑂𝑠𝑡 + ∑ 𝑂𝑠𝑡
(𝑐)𝐶𝑙

𝑐=1 )𝑋𝑡
𝑇 , 𝑂𝑠𝑡 = −

1

𝑛𝑠𝑛𝑡
1𝑠1𝑡

𝑇

(𝑂𝑠𝑡
(𝑐)

)
𝑖𝑗

= {
−

1

𝑛𝑠
(𝑐)

𝑛𝑡
(𝑐) 𝐱𝑖 ∈ 𝑋𝑠

(𝑐)
, 𝐱𝑗 ∈ 𝑋𝑡

(𝑐)

0 otherwise      

                            

𝑀𝑡𝑠 = 𝑋𝑡(𝑂𝑡𝑠 + ∑ 𝑂𝑡𝑠
(𝑐)𝐶𝑙

𝑐=1 )𝑋𝑠
𝑇 , 𝑂𝑡𝑠 = −

1

𝑛𝑠𝑛𝑡
1𝑡1𝑠

𝑇

(𝑂𝑡𝑠
(𝑐)

)
𝑖𝑗

= {
−

1

𝑛𝑠
(𝑐)

𝑛𝑡
(𝑐) 𝐱𝑗 ∈ 𝑋𝑠

(𝑐)
, 𝐱𝑖 ∈ 𝑋𝑡

(𝑐)

0 otherwise

                               

                                  (12) 

D. Minimizing Subspace divergence:  

In traditional machine learning, it is assumed that the source and target domains belong to the same distribution, 

allowing us to project them onto the same subspaces. However, in unsupervised domain adaptation, we independently 

project the source and target domains into their respective subspaces to minimize their distribution divergence. We utilize 
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the Frobenius norm and simultaneously optimize C and D, preserving discriminative information and similarity among 

the domains to achieve this. As a result, the two subspaces gradually converge toward each other. The following 

expressions illustrate how the two subspaces approach each other during this process. 

 

min
C,D

∥ C − D ∥F        
2                                                                          (13) 

E. Incorporating entropy regularization enables clustering within the target domain with adaptive neighbors:  

Standard clustering approaches frequently rely on hard clustering, in which data points are assigned to certain 

clusters. In real-world circumstances, however, probabilistic or confidence-based cluster allocations may be preferable. 

For unsupervised target domains, we use graph clustering with entropy regularization. This entropy regularization gives 

confidence to the affinity matrix assignment. To do this, we employ a simple Gaussian kernel function with Euclidean 

distance, which is defined as follows:  

 

sij = sji = e
−∥

∥xi−xj∥
∥2

h
      

                                                                     (14) 

 

Where h heat kernel function is similar to ε neighbors. The Gaussian technique generates adaptable graphs, and 

self-tuning graphs seek to minimize the number of modified parameters. The likeness between xi and xj can be detailed as 

 

sij = e

−d2(xi,xj)

σiσj
                 

                                                                 (15) 

 

Where σi shows distance between vertex/nodes xi and indicate farthest neighbours (σi = d(xi, xk)) and xk means 

the kth neighbor for xi. 

Although there are similarities mentioned above, the matrices are generated solely based on distance measures, 

lacking clear physical interpretations for the combination variables. Additionally, setting these matrices in subsequent 

graph analysis can make them sensitive to noise in the raw data. Finding a suitable graph with unambiguous physical 

meaning, explicit neighbor assignment, and a local link remains challenging. The clustering technique is inspired by 

Shannon’s entropy measurement , and it is denoted as follows: 

 

φ(si) = ∑ (−sijlnsij)
n
j=1                                                                (16) 

 

When there are n elements in si and sij ≥ 0 under a probability constraint, φ(si) reaches its minimum only if one of 

the elements is equal to one, and the rest are zeros. This represents the most informative distribution state of si under the 

probability model. Entropy maximization is then formulated as follows: 

 

min
𝑆

∑ ∥𝑛
𝑖,𝑗=1 𝑥𝑖 − 𝑥𝑗 ∥2

2 𝑠𝑖𝑗 + 𝛾𝑠𝑖𝑗 ln𝑠𝑖𝑗

s.t.  ∀𝑖, 𝑠𝑖
𝑇𝟏 = 1,  0 ≤ 𝑠𝑖 ≤ 1, 𝑠𝑖𝑖 = 0

                                          (17) 

 

Where 𝛾 > 0 is a regularizer for entropy. If the parameter 𝛾 is large enough, the problem can be written as: 

 

min
𝑆

∑ 𝑠𝑖𝑗
𝑛
𝑖,𝑗=1 ln𝑠𝑖𝑗

s.t.  ∀𝑖, 𝑠𝑖
𝑇𝟏 = 1,  0 ≤ 𝑠𝑖 ≤ 1, 𝑠𝑖𝑖 = 0

                                            (18) 

 

Let 𝑑𝑖𝑗
𝑋 =∥ 𝑥𝑖 − 𝑥𝑗 ∥2

2, then the problem can be written as: 

 
min

𝑆
∑ 𝑑𝑖𝑗

𝑥𝑛
𝑖,𝑗=1 𝑠𝑖𝑗 + 𝛾𝑠𝑖𝑗ln𝑠𝑖𝑗

s.t.  ∀𝑖, 𝑠𝑖
𝑇𝟏 = 1,  0 ≤ 𝑠𝑖 ≤ 1, 𝑠𝑖𝑖 = 0

                                            (19) 

4. General Objective 

The UDADFSP method is constructed by integrating the aforementioned mathematical equations (3), (4), (5), (6), 

(7,8), (11), (12), and (13) as follows: 

 

max
μ{target aff. matrix}+γ{entropy reg}+β{Between Class Var}

{Dist shift}+λ{Subspace shift}+β{intra-class Var}
                                                (20) 
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The trade-off parameters μ, γ, β, λ  are utilized in the optimization process, where var represents variance and 

entropyreg denotes entropy regularization for target clustering. By solving the following optimization function, we aim to 

obtain two coupled projections C and D: 

 

max
C,D

Tr([CT DT][
βSb 0

0 μSt
][

C
D

])

Tr([CT DT][
Ms+λI+βSw Mst−λI+γREnt

Mts−λI+γREnt Mt+(λ+μ)I+γREnt
][

C
D

])
                                                (21) 

 

where REnt represents regularize entropy. In order to improve (20), we modify [CT DT]  as GT. Once this is achieved, 

the goal function and related restrictions may be modifying as follows: 

 

min
G

Tr(GT[
βSb 0

0 μSt
]G)

Tr(GT[
Ms+λI+βSw Mst−λI+γREnt

Mts−λI+γREnt Mt+(μ+λ)I+γREnt
]G)

                                                      (22) 

 

It should be noted that G rescaling does not impact the objective function. Analytical solutions for the relevant 

eigenvectors can be found using extended eigenvalue decomposition. The subspaces C and D are simple to acquire once 

the transformation matrix G has been established. The UDADFSP pseudo code is summarized by Algorithm 1. 

 

Algorithm 1.  

Input: 𝑋𝑠, 𝑌𝑠, 𝑋𝑡 Parameters: 𝜇 = 1, 𝑘, 𝑇, 𝛾, 𝜆 = 1, 𝛽, 𝜎 Output: 𝑌𝑡 (Predicted labels for target domain) 

Build 𝑆𝑏, 𝑆𝑡, 𝑆𝑤, 𝑀𝑠1, 𝑀𝑡1, 𝑀𝑠𝑡1, and 𝑀𝑡𝑠1 using Equations (2), (3), (4), (5), (6), (9), (10), (11), (12) Set up the initial 

pseudo-labels for the target domain, expected 𝑌𝑡, employing a learner trained on data from the source domain Apply 

entropy regularization (Equation (20)) using parameter 𝛾 Repeat steps 3 and 4 until 𝑖 < 𝑇 

Solve generalized eigenvalue decomposition in Equations (22) and (23) Select 𝑘 corresponding eigenvectors of 

leading eigenvalues as transformations 𝑤 and obtain subspaces 𝐶 and 𝐷 To obtain the embeddings, map the original data 

to the appropriate subspaces: 𝐹𝑠 = 𝐶𝑇𝑋𝑠, 𝐹𝑡 = 𝐷𝑇𝑋𝑡 until convergence Finalize the adaptive classifier 𝑓 on {𝐹𝑠, 𝐹𝑡 , 𝑌𝑠} 
Predict 𝑌𝑡 ← 𝑓([𝐹𝑠, 𝐹𝑡 , 𝑌𝑠]) 

Kernel methods: PCA and LDA may be used effectively when our data can be linearly separated. However, data 

may not be separable in a linear fashion in real-world applications. As a result, we must first transform our input data to a 

higher dimensional space before linearly separating it. For this reason, we used kernel functions in this project, 

demonstrating the Primal approach, Linear kernel, and Radial Basis Functions in practice. Kernel functions convert input 

data into higher-dimensional spaces that are separated linearly. 

h(X) = WTX + b where X is input data, W is transformation weight, and b is biased h(X) = Wf(X) + b. This is a 

Kernel function using a decision boundary surface function f(X), which refers to the data’s non-linear decision boundary 

surfaces. Kernel function k(x, y) satisfies Mercer’s condition by dot product or inner product as follows: 

 

WTX = ∑ wi
d
i=1 xi                                                                               (23) 

 

Where d is the dimension of each sample. For a compact input space X and the set of all square integral functions 

then expanded as 

 

𝑘(𝑥, 𝑥′) = ∑ 𝜙𝑖
𝑛ℋ
𝑖=1 (𝑥)𝜙𝑖(𝑥

′)                                                                   (24) 

 

Where ℋ is called a reproducing kernel Hilbert space (RKHS). Numerous kernel functions, such as polynomial 

kernels, radial basis procedures, etc., satisfy the Mercer condition. 

Linear kernel. In this work, we included linear and Radial basis functions as follows: 

 

k(X, W) = WTX.                                                                               (25) 

 

Radial Basis Function (RBF) Radial Basis Function (RBF) is also known as the Gaussian Kernel function. RBF is 

widely used to find the similarity and dissimilarity between non-linear data samples, such as approximate warping of 2D 

facial expressions. The RBF kernel function can be defined as follows: 

 

K(xi, xj) = exp (
−∥∥xi−xj∥∥

2

σ
)                                                                  (26) 

 

Where xi and xj are two sample vectors, and σ is a parameter that determines the impact of each sample xi. 
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5. Experiments 

In comparison to the most prominent and widely used do- main adaptation dataset benchmarks, our technique 

demonstrates better performance when compared to various cutting- edge approaches, based on the average results. 

SA(subspace alignment[29], SDA(subspace distribution alignment)[30], GFK(Geodesic flow kernel)[31], TCA(Transfer 

component Analysis)[9], JDA(Joint distribution alignment)[17], TJM(Transfer joint matching)[18], SCA(Scatter 

Component Analysis)[32], Optimal Transport(OTGL)[33],Kernel manifold alignment(KEMA)[34],  JGSA(Joint  

geometrical and statistical alignment)[16], JPDA(Discriminative joint probability maximum mean  discrepancy  for  do-  

main adaptation)[19] and BW-JGSA(Balanced weight- JGSA)[35].  We use parameters that are included in the 

expression as follows. In all evaluations, we fixed 𝜆 = 1 and 𝜇 = 1, while treating 𝛽, 𝑇, 𝑘, and 𝐾 as free parameters for 

the number of iterations (𝑇-iteration), the dimensionality of subspaces (𝑘-dimension), and the number of neighbors in 

clustering (𝐾). 

5.1  Real-World Datasets 

Our strategy undergoes testing using three commonly employed datasets in optical recognition challenges: Object 

recognition handwritten digits (USPS, MNIST), (Office, Cal- tech), COIL20 dataset, and Multi-PIE facial images (PIE07, 

PIE05, PIE09, PIE29, PIE27). 

Table 2. Detailed information about the datasets used in the experiments. 

Dataset Samples Features Classes Data Domains 

Office 1410 800 10 A,W,D Object 

Caltech 1123 800 10 C Object 

USPS 1800 256 10 USPS Digit 

MNIST 2000 256 10 MNIST Digit 

COIL20 1440 1024 20 COIL1, COIL2 Object 

A. Object Recognition:  

We have used datasets for object recognition and datasets from Caltech [31]. It contains do- mains: Amazon, 

Webcam, and DSLR. Each has images from Amazon.com or an office environment with varying lighting and poses 

changes using a webcam or a DSLR camera. 

 

 

Fig. 3. This figure shows Office31 and Caltech256 data set sample images. 

Table 3. PIE samples and COIL20 

COIL1 COIL2 PIE05 PIE07 PIE09 PIE27 PIE29 

720 720 3332 1629 1632 3329 1632 

20 20 68 68 68 68 68 

1024 same same same same same Same 

 

The Office-Caltech data set, which includes the Caltech-256 data set (which contains 256 classes of C) and the 

Office-10 data set is made up of ten standard classes of data sets (which include ten categories of A, D, and W). SURF 

BoW histogram features, vector quantized to 800 dimensions (unless indicated as 600), and Decaf6 features (which are 

activations of the 6th fully connected layer of convolutional neural networks (CNNs) that trained on Ima- genet). The 

classifier is built on the one-nearest neighbor (1-NN) principle [31]. We fix the unrestricted parameters,
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k = [20,100], T = 10, β = [0.0000000001,0.5], μ = 1  and α = 1.  Office Caltech dataset contains ten overlapping 

categories with the Office31 and Caltech-256. Surf Bow histogram features and vector quantized to 800 dimensions are 

also available for this dataset [36]. 

B. Multi-PIE dataset:  

The multi-PIE(multi-pose, Illumination, expression) dataset contains 68 classes and 337 faces of image subjects 

taken under different Illumination, pose, and presentation. The pose range includes 15 discrete views, capturing a face 

profile-to-profile. Illumination changes using 19 flashlights located in the room [37]. 

C. Digit Recognition dataset:  

We used USPS and MNIST datasets to assess our handwritten digit recognition task approach. MNIST has 6,000 

training and 10,000 testing sets. The size of the input is 28x28x1. USPS contains 7,291 training and 2,007 testing sets of 

size 16X16X1. They have both ten classes and categories [0-9] digits. We follow [17, 18] to construct pairs of 

cross-domain datasets UPS-MINST and vice versa also proper. The sample of USPS images is 1,800, and for MNIST 

2000, one is a source and target, respectively. All images are uniformly rescaled to 16x16 and are gray scales. We set T, k, 

and beta for arbitrary parameters according to Table 11. 

D. COIL20 cross-domain dataset:   

COIL20 is a dataset of 1140 photos and 20 categories [38]. The item is in the center of a steady turntable arrangement 

with a black background. The 72 photos obtained for each item are rotated 360 degrees (one of every five degrees). The 

input size is 32x32 pixels, and the picture size is normalized. COIL20 is subdivided into two parts. Each subset has 720 

images: COIL1 and COIL2.COIL1 contains all images taken in the directions [0, 85] and [180,265], as well as COIL2 

[90,175] and [270,355]. Experiments are conducted on the COIL1 and COIL2 source and target domains, and vice versa. 

E. Sentiment Analysis:  

We assessed the effectiveness of our standard Amazon review dataset for sentiment analysis [39], in which bag of 

words features’ dimensionality was reduced to 400 top words with no missing data. The dataset is divided into four 

categories: books, DVDs, electronics, and kitchen equipment. Each section has 1000 positives and negatives. 

Table 4. Accuracy (%) using the multi-pie dataset 

Features JDA TCA JPDA BDA Proposed 

pie05-09 54.23 41.79 66.67 52.82 61.46 

pie05-07 58.81 40.76 59.36 58.2 68.39 

pie05-27 84.5 59.63 83.99 83.03 89.25 

pie07-05 57.62 41.81 63 57.35 76.89 

pie05-29 49.75 29.35 49.51 49.14 58.70 

pie07-09 62.93 51.47 60.85 62.75 75.00 

pie07-29 39.89 33.7 47.67 39.71 63.48 

pie07-27 75.82 64.73 77.05 75.76 86.33 

pie09-05 50.96 34.69 59.78 51.35 70.41 

pie09-27 68.46 56.23 74.47 67.86 83.63 

pie09-07 57.95 47.7 63.35 56.41 72.50 

pie09-29 39.95 33.15 52.7 42.4 69.49 

pie27-07 82.63 67.83 83.24 83.06 88.83 

pie27-05 80.58 55.64 84.87 80.52 87.82 

pie27-09 87.25 75.86 87.44 87.25 84.50 

pie27-29 54.66 40.26 65.38 54.53 74.63 

pie29-07 42.05 29.9 51.32 43.22 69.98 

pie29-09 53.31 29.9 55.76 47.92 73.35 

pie29-05 46.46 26.98 53.63 47.99 61.34 

pie29-27 57.01 33.64 58.49 57.1 78.04 

Average 60.24 44.75 65.52 59.91 74.70 

 

Results not found in the paper are denoted by (-), and our reported results for UDADFSP with primal, linear, and 

radial basis functions (RBF) are indicated as UDADFSP_p, UDADFSP_l, and UDADFSP_rb f , respectively. 

5.2.  Result and Discussion 

We employed the most widely used cross-domain visual recognition datasets (Office31 (Amazon, Webcam, DSL), 

and Caltech), digital recognition datasets (USPS+MNIST), and Multi-PIE face picture datasets with varying Pos, 

Illumination, and Expressions. Also, we have compared our method to the COIL20 dataset, which has other distributions 

and views of objects, and Amazon reviews sentiment analysis datasets. Our proposed method outperforms the state- 

of-the-art, achieving high accuracy in most domains. Also, in implementation, we included non-linearity using kernel 

function (Linear and RBF) kernels and entropy regularization. 
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Our method UDADFSP result in Table 5 uses SURF features with 800 dimensions, and we compare it with the more 

recent state of arts regarding domain adaptation for visual tasks. Table 5 result shows that our result average at original 

space (Primal) and kernels (Linear and RBF) outperform the state of arts. Our approaches are able to achieve 51.37 

average accuracy more than the state of arts. Also, if we see Table 6’s result, the features generated using CNN and taken 

at 6-layers known as DECAF6, which has 4096 dimensions. The proposed method UDADFSP average result yields more 

accuracy than the state of art(SOTA) when we include both linearity and non-linearity. Our methods achieve better 90.49 

average accuracy and beat the state of arts. In Table 7, we adapt our approach with the Multi-PIE dataset and compare it 

with the current state of the arts. Our method performs well. We observed that when state-of-the-art accuracy 65.52 and 

our proposed model gives 74.70 average accuracy. Table 8 shows USPS–MNIST or MNIST-USPS. Our approach shows 

more than other SOT (State of skills). Our proposed method gives 75.94 average accuracy and is superior to the state of 

the arts. We have compared our process in Table 9 using the COIL20 dataset with the SOATs, and our method shows that 

it outperforms well. Our proposed model achieved a better average accuracy of the 95.90. Table 10 shows our ways 

against state-of-the-art performance for the sentiment analysis in natural language processing [40]. 

A. t-SNE Feature Visualization 

To ensure the robustness and clarity of our experiments be- fore and after domain adaptation, we have employed 

t-SNE for visualizations. Fig. 4 and 5 indicate that we utilized the MNIST dataset as the input space and the USPS dataset 

as the target task. We have plotted clearly what our datasets look like before and after adaptation. We have proven our 

methods work properly when compared with state-of-arts. The following plot, Fig. 6(a) and 6(b) illustrate PIE datasets. 

We took PIE05 as the Source and PIE27 as the target domain. As we observe from visualization before and after domain 

adaptation, our techniques work very well. After transformation, the source and target domains close together. For Fig. 

7(a) and 7(b), we apply the Office-caltech10 Surf features. We have used Amazon as a source and Webcam as the target 

domain. We plot visualization before and after domain adaptations and show that our methods work correctly. Fig. 8(a-d) 

shows t-SNE visualization of the Office-caltech10 Surf features. Fig.8 (a) Input Surf features before applying domain 

adaptation techniques, whereas the source and target domain features are distributed along spaces and not appropriately 

classified. Fig. 8(b–d) illustrates the data features of the two classes (Source and target domain) that match using the 

primal, linear, and RBF, respectively. Following classification, the data points of each distinct class are collected and 

aggregated in a specific location. For example, they are gathered in a space at one location too close together after do- 

main adaptation, and ten different color points denoting ten distinct classes are clustered at random locations, indicating 

they are classified. However, as seen in the RBF and primal methods, the points are not clustered as effectively as in the 

linear way. This is because the classification accuracy of UDADFSP is higher than that of RBF and primal methods. 

 

 

Fig. 4. MNIST-USPS before domain adaptation 

 

Fig. 5. MNIST-USPS after domain adaptation
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       (a) PIE05-PIE27 before domain adaptation                         (b) PIE05-PIE27 after domain adaptation. 

Fig. 6. Multi-PIE dataset (PIE05-PIE27) tasks t-SNE visualization before domain and after domain adaptation. 

     
     (a) A-W before domain adaptation                               (b) A-W after domain adaptation 

Fig. 7. Office-caltech10 Surf features (A-W) t-SNE visualization before and after domain adaptation 

     
         (a) D-W before domain adaptation                         (b) D-W after DA using primal function 

 

      
(c) D-W after DA using Linear function                                (d) D-W after using the RBF function 

Fig. 8. t-SNE visualization of the Office-caltech10 Surf feature (D-W) tasks by applying various kernel functions. 
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Table 5. Accuracy on office-caltech10 using surf features 

 
Table 6. Office+caltech accuracy (%) with decaf6 features 

Features JDDA OTGL JGSA(P) JGSA(l) JGSA(rbf) UDADFSP(p) UDADFSP(l) UDADFSP(rbf) 

C→A 90.19 92.15 91.44 91.75 91.13 93 92.80 92.80 

C→W 85.42 84.17 86.78 85.08 83.39 85.76 87.80 85.76 

C→D 85.99 87.25 93.63 92.36 92.36 91.72 94.27 94.27 

A→C 81.92 85.51 84.86 85.04 84.86 86.46 86.20 85.31 

A→W 80.68 83.05 81.02 84.75 80 80.68 80.00 79.66 

A→D 81.53 85 88.54 85.35 84.71 84.71 87.90 86.62 

W→C 81.21 81.45 84.95 84.68 84.51 86.46 85.66 85.31 

W→A 90.71 90.62 90.71 91.44 91.34 91.86 91.65 91.23 

W→D 100 96.25 100 100 100 100 100 100 

D→C 80.32 84.11 86.2 85.75 84.77 88.25 87.36 87.44 

D→A 91.96 92.31 91.96 92.28 91.96 92.80 92.90 92.90 

D→W 99.32 96.29 99.66 98.64 98.64 100.00 99.32 99.32 

Average 87.44 88.18 89.98 89.76 88.97 90.13 90.49 90.05 

Table 7. Digit dataset accuracy (%) across domains 

Features Raw GFK SDA SA TCA JDA TJM SCA JGSA(p) UDADFSP(p) 

usps-mnist 44.7 46.45 35.7 48.8 51.2 59.65 52.25 48 68.15 68.15 

mnist-usps 65.94 61.22 65 67.78 56.33 67.28 63.28 65.11 80.44 84 

Average 55.32 56.84 50.35 58.29 53.77 63.47 57.77 56.56 74.3 75.94 

Table 8. Cross-domain using coil20 dataset accuracy (%) 

Data PCA GFK NN TSL LISL LRSR JDA TCA UDADFSP(l) UDADFSP(p) UDADFSP(rbf) 

C1-C2 84.72 72.5 83.61 88.06 75.69 88.61 89.31 88.47 96.81 92.50 91.39 

C2-C1 84.03 74.17 82.78 87.92 72.22 89.17 88.47 85.83 95.00 90.83 90.83 

Average 84.38 73.34 83.2 87.99 73.96 88.89 88.89 87.15 95.90 91.67 91.11 

Table 9. Accuracy (%) of the amazon review data set on four typical domain shifts with various features. 

Features GFK TCA BDA UDADFSP(l) UDADFSP(p) UDADFSP(rbf) 

B-K 65.1 - 63.4 67.58 67.48 70.64 

B-E 74.7 68.4 - 67.02 66.67 73.02 

B-D 62.4 66.3 64.3 65.78 66.88 70.64 

K-B 64 65.5 62.5 64.10 66.25 68.25 

K-E - - - 67.58 71.22 70.64 

K-D 60.4 69 - 67.02 67.48 73.02 

E-B 59.5 63 58.7 65.78 66.67 70.64 

E-K 68.7 73.3 74.5 64.10 66.88 68.25 

E-D 62.7 - 62.1 67.58 66.25 70.64 

D-B 62.2 66.5 62.7 67.02 71.22 73.02 

D-K - - - 65.78 67.48 70.64 

D-E 66.3 64 67 64.10 66.67 68.25 

Average 67 64.6 64.4 67.58 66.88 70.64 

B. Parameter Sensitivity  

We investigate parameter sensitivity and ablation tests in this work to validate our technique UDADFSP on diverse 

datasets and uncover parameters that produce relevant results. We set λ = 1 and μ = 1. Three parameters are used to 

Features Source SA SDA GFK TCA JDA TJM SCA JGSA_p JGSA_l JGSA_r

bf 

DJPA BW_jgs

a 

UDADF

SP_p 

UDADF

SP_l 

UDADF

SP_rbf 

C→A 36.01 9.27 49.69 46.03 45.82 45.62 46.76 45.62 51.46 52.3 53.13 47.6 51.88 53.97 52.61 55.95 

C→W 29.15 40 38.98 36.95 31.19 41.69 38.98 40 45.42 45.76 48.47 45.76 46.1 49.83 50.17 49.49 

C→D 38.22 39.49 40.13 40.76 34.39 45.22 44.59 47.13 45.86 48.41 48.41 46.5 49.68 45.86 44.59 47.77 

A→C 34.19 39.98 39.54 40.69 42.39 39.36 39.45 39.72 41.5 38.11 41.5 40.78 42.03 40.69 40.78 40.87 

A→W 31.19 33.22 30.85 36.95 36.27 37.97 42.03 34.92 45.76 49.49 45.08 40.68 45.42 45.76 51.86 44.07 

A→D 35.67 33.76 33.76 40.13 33.76 39.49 45.22 39.49 47.13 45.86 45.22 36.94 45.85 47.77 48.41 45.86 

W→C 28.76 35.17 34.73 24.76 29.39 31.17 30.19 31.08 33.21 32.68 33.57 34.55 34.55 32.59 31.34 31.70 

W→A 31.63 39.25 39.25 27.56 28.91 32.78 29.96 29.96 39.87 41.02 40.81 33.82 40.81 41.34 41.34 41.86 

W→D 84.71 75.16 75.8 85.35 89.17 89.17 89.17 87.26 90.45 90.45 88.54 88.54 91.71 89.81 89.81 91.08 

D→C 29.56 34.55 35.89 29.3 30.72 31.52 31.43 30.72 29.92 30.19 30.28 34.73 34.11 33.21 34.02 31.97 

D→A 28.29 39.87 38.73 28.71 31 33.09 32.78 31.63 38 36.01 38.73 34.66 33.29 40.81 41.02 40.40 

D→W 83.73 76.95 76.95 80.34 86.1 89.49 85.42 84.41 91.86 91.86 93.22 91.19 91.84 91.53 90.51 91.53 

Average 40.93 44.72 44.52 43.13 43.26 46.38 46.33 45.16 50.04 50.18 50.58 47.98 50.61 51.10 51.37 51.05 
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evaluate all tasks and others (K, β, and T). We take range k [30, 50], and T [10,20] for all evaluation tasks, and β are 

trade-off parameters for within class, between class variance, and discriminative loss. We analyzed and did ablation 

studies range of β between [0.000000001 to 0.5] can be chosen to achieve acceptable results. As a result, parameter 

sensitivity and selection significantly impact the classification result. Our paper parameter details are as follows in Table 

10, where O+C and DR represent office Caltech and Digit recognition, respectively. 

Table 10. Parameters sensitivity 

Parameters O+C(surf) O+C(decaf6) PIE COIL20 DR Amazon review 

k 30 30 50 30 30 30 

T 10 20 10 10 10 10 

α 1 1 1 1 1 1 

µ 1 1 1 1 1 1 

β 0.5 0.5 0.01 0.01 0.01 0.7 

γ 2 2 2 2 2 2 

σ 1 1 1 1 1 1 

K1 30 30 60 40 40 40 

C. Ablation Study 

In this section, we conducted ablation studies to evaluate the impact of different parameters. The results revealed that 

k, K1, and β are highly sensitive across all datasets, emphasizing the importance of precise tuning. Here, k refers to the 

subspace dimension, K1 represents the number of neighbors in clustering, and β controls the trade-off between within and 

between-class variance of the source domain. A too- small value for β disregards the classification of the source domain, 

while an excessively large β can lead to overfitting the classifier to the source domain. To establish a baseline 

performance, we explored k values within the range of [20, 100]. The remaining parameters had minimal influence on the 

model’s performance and were set according to the specifications outlined in Table 11. The subsequent tables display the 

ablation studies’ results on various datasets. 

Table 11. Parameter sensitivity on pie dataset 

Data Set k K1 β Average Accuracy 

Multi-PIE 30 60 0.01 73.43 

Multi-PIE 50 60 0.0001 74.70 

Multi-PIE 60 100 0.01 76.34 

6. Conclusion 

This study presents UDADFSP (Unified Domain Adaptation with Discriminative Feature and Similarity 

Preservation), a novel and effective approach to tackle domain shifts in unsupervised domain adaptation. The primary 

focus of UDADFSP lies in capitalizing on discriminative features and domain similarity to counter domain shift 

effectively. We conducted comprehensive experiments and analyses to verify the effectiveness of our proposed method. 

The evaluations were performed on five diverse domains, which include the office+caltech dataset using Decaf6 and Surf 

features, the COIL20 dataset, digit recognition with USPS+MNIST, the Multi-PIE facial dataset, and Amazon review 

sentiment analysis. A comparative assessment is performed against various existing domain adaptation methods. 

Additionally, to accommodate non-linear data, we incorporate the kernel method, and for handling unlabeled target 

domains, we introduce entropy regularization. We further conduct comprehensive ablation studies to gain insights into the 

specific contributions of our methods, leading to significant performance enhancements. Future work will involve 

applying our pro- posed techniques to other types of data, including time series and medical images. Additional 

extensions could handle more complex scenarios, such as multi-source domain adaptation, where the source domains 

have different distributions and single target domains. 
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