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ABSTRACT With the constant growth of state-of-the-art models, obtaining sufficient labeled data to train
these models for specific domains has become increasingly costly. Domain adaptation methods offer a
potential solution to enhance model performance in new, unseen domains while minimizing the need for
manual annotation of target domain. Despite recent advances in using pseudo-labeling for domain adaptation,
significant challenges remain in maximizing the effectiveness of pseudo-labeling, particularly when aiming
to create informative and interpretable representations from pseudo-labels. To address these challenges,
we introduce the method Pseudo-labeling Domain Adaptation (PDA), which leverages pseudo-labels
generated bymultiple models to create a robust cross-domain representation. Additionally, to further mitigate
the domain-shift problem, we propose a novel method called UMAP Domain Adaptation (UMAP DA),
a UMAP-based technique that allows for connections only between nodes from different domains. We use
these representations to construct a heterogeneous bipartite graph, where a neural network is employed for
final classification. Experiments on six different datasets show an average F1-score improvement of 8 points,
measuring the harmonic mean of precision and recall, compared to existing methods in the literature. The
proposed method enhances both performance and interpretability, offering a new direction for cross-domain
learning with pseudo-labels.

INDEX TERMS Domain adaptation, graph neural networks, interpretability, pseudo-labeling.

I. INTRODUCTION
Cross-domain methods aim to facilitate domain adaptation
by enabling models trained on data from one domain
to perform effectively in a different target domain, thus
reducing the costs associated with manual data labeling in
the target domain [1], [2], [3]. These techniques have gained
increasing importance given the rapid advancement and
growing size of models that define the state of the art across
various machine learning tasks [4], [5]. As models become
more computationally expensive to train, the feasibility of
repeatedly training them on large datasets diminishes, making
efficient domain adaptation crucial.

One of the most promising strategies to address these
challenges is the use of pseudo-labels, which facilitates
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the labeling of previously unlabeled data by utilizing
predictions from pre-trained models [6], [7], [8]. However,
maximizing the effectiveness of pseudo-labeling remains a
challenge, particularly in obtaining data representations that
are not only informative but also interpretable [9], [10],
[11]. Achieving clarity in how data points relate across
domains is crucial for improving model performance, which
is where dimensionality reduction techniques can play a
decisive role [12], [13], [14]. These techniques enable a
more concise visualization of the data underlying structure,
facilitating a deeper understanding of domain relationships
and adaptations [15], [16], [17].

To address these challenges, we introduce a novel approach
called Pseudo-labeling Domain Adaptation (PDA), designed
to generate robust representations based on pseudo-labels
generated from multiple models. Furthermore, we propose
a complementary technique, UMAP Domain Adaptation
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(UMAPDA), which applies dimensionality reduction tailored
to domain-specific data. By projecting the data into a
lower-dimensional space and forcing UMAP to connect
only nodes from different domains, UMAP DA further
reduces domain shift, enabling more precise cross-domain
learning.

To leverage these improved representations, we con-
struct a heterogeneous bipartite graph that integrates the
pseudo-labels in this reduced space. This graph-based
approach allows for more accurate classification by exploit-
ing the relationships between data points across different
domains in a low-dimensional space.

Through extensive experimentation, our proposed method
demonstrates significant performance improvements in terms
of F1-score across six distinct text classification datasets.
In conclusion, the key contributions of this paper can be
summarized as follows:

• We propose a novel method for generating cross-domain
data representations based on pseudo-labels.

• We introduce a new domain-specific dimensional-
ity reduction approach, UMAP DA, that effectively
mitigates domain shift through a lower dimension
projection.

• We present a novel heterogeneous bipartite graph that
leverages pseudo-labels in a low-dimensional space for
final classification.

The remainder of this paper is organized as follows.
Section II provides the foundation and reviews related work
on domain adaptation emphasizing their relevance to our
approach. Section III presents the proposed method, detailing
its improvements in few-shot domain adaptation scenarios.
Section IV reports the experimental results, offering a com-
parative analysis against state-of-the-art domain adaptation
methods on six benchmark datasets. Finally, Section V
summarizes the key contributions of this work and discusses
potential directions for future research.

II. BACKGROUND AND RELATED WORKS
Recent studies in cross-domain learning have demonstrated
substantial progress through the application of domain
adaptation techniques, which seek to mitigate the shift of data
distribution between the source and target domains [1], [2],
[18]. Several promising approaches have been developed to
address this challenge, including pseudo-labeling methods,
ensemble training, and the use of Graph Neural Networks
(GNNs) [19], [20], [21], [22], [23]. These techniques have
shown effectiveness in narrowing the domain gap and
enhancing model generalization across diverse datasets [24],
[25], [26], [27].

Building on these advancements, this work intro-
duces a novel domain adaptation method that lever-
ages pseudo-labeling to create an explainable vector
space for more effective cross-domain learning. Our
approach involves generating pseudo-labels through an
ensemble, which enables us to produce robust and

interpretable representations. These representations serve
as inputs to a new UMAP DA method, designed to
create lower-dimensional representations while effectively
minimizing domain shift. Furthermore, we used these
low-dimensional representations to train a GNN for
cross-domain text classification.

Our method demonstrates significant performance gains,
particularly in terms of the F1-score, for text classifi-
cation tasks. By integrating pseudo-labels into the GNN
architecture, we enhance both the interpretability of the
representations and the accuracy of the model when applied
to cross-domain scenarios.

A. DOMAIN ADAPTATION
Traditional machine learning methods operate under the
assumption that training and testing data originate from the
same distribution. However, this assumption often fails in
real-world scenarios. For instance, a model trained to classify
book reviews may encounter significant difficulties when
tasked with classifying texts related to electronic products.
Domain adaptation, a subset of transfer learning, addresses
this issue by focusing on adapting a model trained in a
source domain to function effectively in a different target
domain [28], [29].

The primary objective of domain adaption is to align
the discrepancies between these domains to generate a
domain-invariant representation [7], [30], [31]. Among
the key categories of domain adaption methods, we can
identify feature-based and instance-based approaches [1].
Feature-based methods aim to align data distributions by
learning a domain-invariant feature space, facilitating the
transfer of knowledge from the source to the target domain,
while instance-based methods prioritize instances from the
source domain that exhibit greater similarity to the target
domain, thus enhancing the model performance in the new
context [32], [33], [34].

Among the traditional approaches in the field of domain
adaptation, Feature Augmentation (FA) stands out. This
method establishes three distinct representations for the same
data: a generic representation applicable to both the source
and target domains, a target domain-specific representation,
and a source domain-specific representation. By leveraging
the generic representation, FA enables the generation of
a domain-independent representation while capturing the
intrinsic characteristics of each domain through the specific
representations [35].

Another notable technique is CORAL (Correlation Align-
ment), which addresses domain shift by aligning the
covariance matrices of the two domains. This alignment
reduces discrepancies in feature distributions, facilitating
better performance on the target domain [36].

Subspace Alignment (SA) method employs techniques
like Principal Component Analysis (PCA) to generate a
lower-dimensional subspace that represents both domains.
This approach involves applying a transformation matrix to
align the two subspaces derived from the source and target
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domains, thus enhancing the model’s ability to generalize
between differing distributions [37].

One of the main domain adaptation techniques within
adversarial training was introduced by Ganin et al. This
method Discriminative Adversarial Neural Network (DANN)
consists of a three-part model [20]. The first component is an
encoder that is responsible for generating embeddings from
the input data. Subsequently, specific layers designed for the
downstream task are applied. Lastly, domain classification
layers are added. The objective of the model is to produce
embeddings that are difficult to predict accurately by domain
classification layers.

This is accomplished by applying a reverse gradient
to the loss of domain classification, effectively forcing
the encoder to learn domain-invariant features. When the
domain classifier performs poorly, it indicates that the
embeddings are similar across domains, thereby reducing
the impact of data shift. This approach has demonstrated
significant improvements across a range of tasks, including
text classification [38], [39].

Building on the DANN, several methods have been
developed, including Margin Disparity Discrepancy (MDD)
and Wasserstein Distance Guided Representation Learning
(WDGRL). WDGRL integrates a domain discrimina-
tor while also focusing on minimizing the Wasser-
stein distance between the source and target domains
[40]. This approach enhances the alignment of distribu-
tions across domains, leading to improved generalization
performance.

MDD aims to identify a new representation that minimizes
the margin disparity discrepancy between the source and
target domains. Like DANN and WDGRL, MDD employ
an encoder, a task network, and a discriminator [41].
By concentrating on the margin disparity, this method seeks
to bridge the gap between domains more effectively, thereby
facilitating better adaptation and performance in downstream
tasks.

B. ENSAMBLES
Traditional ensemble training typically employs bagging,
where multiple models are trained on random subsets of the
source domain dataset, known as bootstrap samples [42],
[43]. This method promotes the development of diverse
models, each highlighting different characteristics of the data
depending on the specific bootstrap sample it was trained on,
resulting in a collection of expert models [44], [45].
Ensembles are commonly used to generate weak labels,

which are instrumental in training models on weakly labeled
data from the target domain [27], [46]. In this approach,
a model is trained on the target domain data using pseudo
labels produced by a pre-trained model. This process helps
to reduce the discrepancy in the representations generated
between the source and target domains, facilitating domain
adaptation [47], [48], [49], [50].
The rapid development of Large Language Mod-

els (LLMs), which continually push the boundaries of

state-of-the-art performance, often renders the training of
such models impractical due to the significant computational
costs involved. This issue becomes even more pronounced
when considering ensemble techniques, such as bagging,
where multiple models are combined to enhance perfor-
mance. Additionally, several methods do not provide access
to the embeddings generated by these models, as is the
case with GPT-4 [51]. The absence of these embeddings
makes it difficult to apply domain adaptation techniques
that rely on diverse model representations [31]. To address
these challenges, the proposed approach leverages the clas-
sifications produced by different models as inputs, creating
a new vector space where each dimension corresponds to
the output of a particular model. This strategy not only
reduces the dependence on embeddings but also enhances the
interpretability of the resulting representations.

C. PSEUDO-LABELING
Pseudo-labeling is a technique that assigns labels to unlabeled
data, treating these pseudo-labels as if they were true labels
during training [25], [52]. This method can enhance domain
discrimination and improve category feature alignment,
leading to more effective intra-domain adaptation [6], [53].
Manyworks, such as those by Zhao andWang and Choi et al.,
incorporate adversarial training to learn domain-invariant
representations. These approaches are often coupled with
pseudo-labeling, which aids in classifying data from the
target domain by helping the model generalize across
domains [54], [55].

While the goal of domain discrimination is to create
domain-agnostic representations, a common drawback is the
potential loss of important features specific to the target
domain [56]. To mitigate this, several approaches have
adopted category feature alignment, which aims to reduce
the distance between data points of the same class in the
feature space. For example, Ma et al. employs pseudo-labels
from the target domain and optimizes a loss function
designed to ensure that data from the same class have similar
representations in the embedding space [57]. Additionally,
methods like [56] use supervised clustering techniques to
further promote this alignment, ensuring that data within the
same class are grouped closely together in the learned feature
space.

Although many existing works use pseudo-labels to
enhance domain adaptation, this method is, to the best of our
knowledge, the first to use pseudo-labels to generate features
in a low-dimensional projection for domain adaptation, rather
than solely for target prediction.

D. GRAPH NEURAL NETWORKS
GNNs have emerged as the state-of-the-art approach for
various tasks involving graph-structured data. By operating
on data in a node-edge format, GNNs can model the complex
relationships between entities, enabling the extraction of
both global and local information [58], [59]. This structure
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allows GNNs to effectively represent non-Euclidean prob-
lems, making them particularly suitable for domains such
as social network analysis, molecular chemistry, and text
classification [60], [61], [62]. Graphs used in GNNs can be
classified into two types: homogeneous and heterogeneous.
Homogeneous graphs consist of a single type of node
and edge, offering a simpler representation of relational
data. In contrast, heterogeneous graphs incorporate multiple
types of entities and relationships, which allows for a more
detailed and nuanced representation of complex systems, this
flexibility makes heterogeneous graphs a powerful tool for
representing more intricate real-world scenarios, by allowing
richer representations [63], [64], [65].

Among deep learning methods for graphs, one widely used
approach is GraphSAGE, which learns node embeddings
by sampling and aggregating a fixed number of neighbor-
ing nodes. This method is particularly effective for large
and dynamic graphs due to its inductive capability [66],
[67]. Another fundamental technique in GNNs is Graph
Convolutional Networks (GCNs), which generalize Convo-
lutional Neural Networks (CNNs) to graph-structured data
by performing convolutional aggregation over neighboring
nodes [68], [69], [70]. A key variant of GCNs that has
advanced the state-of-the-art is Graph Attention Networks
(GATs). GATs integrate the attention mechanism to dynam-
ically weigh the importance of neighboring nodes during
aggregation, allowing them to capture more complex and
context-dependent relationships in the graph [71], [72], [73].

Works such as [22] and [74] propose methods that leverage
GNNs for domain adaptation, showing that learning represen-
tations in a unified space significantly improves performance
in these tasks. Specifically, they suggest integrating GNNs
with adversarial training to align features across domains
more effectively. A key aspect of this approach is the use
of heterogeneous graphs, which offer a more flexible and
expressive framework for representing different types of
nodes and edges. This flexibility can lead to better results in
cases with complex data structures. For instance, Yang et al.
utilizes a heterogeneous graph to model nodes from multiple
domains, followed by a GAT that merges the samples
into a unified latent space, enhancing domain adaptation
performance [75].

In this work, we construct a bipartite heterogeneous
network to facilitate domain adaptation by leveraging
pseudo-labels in a structured manner. A key innovation in
our approach is the proposed method UMAP DA, a novel
dimensionality reduction technique specifically designed to
mitigate domain shift. Unlike traditional UMAP, which
preserves local structures without explicit domain alignment,
UMAP DA enforces inter-domain connections by restricting
the similarity computation to pairs of points from different
domains. This ensures that the learned low-dimensional
representations emphasize cross-domain relationships rather
than intra-domain clusters, effectively aligning the source and
target domains in a shared latent space.

The bipartite graph is constructed using these UMAP
DA reduced representations. By embedding these elements
into a heterogeneous graph structure, our method enhances
both interpretability and accuracy, enabling a more struc-
tured propagation of information across domains. The use
of UMAP DA plays a crucial role in reducing domain
discrepancy while maintaining class separation, ensuring
that the final learned representation is both compact and
domain-invariant. This refined embedding space allows a
GNN to further exploit relational patterns, ultimately leading
to improved cross-domain classification performance.

III. METHOD
In this paper, we introduce a novel approach for few-shot
domain adaptation by leveraging pseudo-labels. Our method
utilizes pseudo-labels generated through various models to
create an embedding space, which is then employed by a
heterogeneous network responsible for producing the final
predictions. To facilitate easy visualization of the learned
representations, we propose two distinct approaches. In the
first approach, we directly utilize the generated embeddings
for classification. In the second approach, we introduce a
new method, UMAP DA, which projects the embeddings
into a two-dimensional space to create a domain-agnostic
representation, thereby reducing the domain-shift.

Figure 1 presents the proposed method, which is divided
into threemain components. The first part involves the feature
extraction process, where we employ three distinct types
of models: task-specific, zero-shot, and embedding models.
From each of these models, we extract the predicted class
probabilities and the associated predicted classes. Given that
many models may produce irrelevant information for the
specific task, it is essential to implement a mechanism to
filter out unreliable pseudo-labels. To address this, we apply
feature selection techniques, including wrapper methods,
correlation analysis, and embedding methods.

Once this initial filtering is completed, UMAP DA is
applied to project the data into a lower-dimensional space.
Alternatively, the class probabilities and pseudo-labels can
be used directly without dimensionality reduction. In the
third step, we construct a heterogeneous bipartite network.
In this network, one set of nodes represents the concatenated
class probabilities, while the other set represents the pseudo-
labels. This structure facilitatesmore robust classification and
better domain adaptation by incorporating diverse sources of
information from different types of models, and also allows
for an interpretable representation.

A. FEATURE EXTRACTION
The first step of the proposed method involves feature
extraction through various classification techniques. Given an
initial text, we aim to utilize multiple models to classify the
same text across different aspects. From these classifications,
we generate a comprehensive feature representation of the
text. This approach enables us to leverage the predictions of
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FIGURE 1. Illustration of the PDA method.

multiple models without the need to train them specifically
for the target task.

Among the feature extraction techniques employed, we use
task-specific models, which are pre-trained for specific
classification tasks, such as sentiment analysis and topic
classification. These models are designed to perform tasks
that are closely related to the target domain task. As a
result, the classifications from these models offer different
perspectives on the text, which may vary significantly from
the target task, necessitating a filtering process to retain only
the relevant information.

Another method used for feature extraction is the zero-shot
model. Given a set of possible classes, this model predicts
the most likely class for a given text. Zero-Shot models
allow us to establish pseudo-labels, which not only serve
as input to the proposed method but also function as weak
labels for training the final neural network.When considering
zero-Shot models based on text entailment, we extract the
probability distribution across the possible labels. For models
such as LLMs that predict only the most likely token, we treat
the prediction as a one-hot encoded representation of the
predicted class.

Lastly, we employ similarity-based models for classifica-
tion. These models compute the similarity between the input
text and the target classes by extracting text embeddings.
Instead of directly using these embeddings in the proposed
method, we use them to generate classifications based on
similarity. In one approach, we compute the similarity
between the embedding of each class and the full text,
followed by applying a softmax function over the resulting
similarity scores to obtain class probabilities. In another
representation, we divide the text into sentences and identify
the sentence that is most similar to each class. We then
apply softmax over these similarities to obtain the final
probabilities. Considering the first approach, given a text t
and a set of classes C = {c1, c2, · · · , , cn}, we have a model

M that generates the embeddings. We define the probability
that the text t belongs to the class ci as:

P(ci | t) =
exp(sim(embM (t), embM (ci)))∑n
j=1 exp(sim(embM (t), embM (cj)))

(1)

where embM (x) is the embedding generated by the model M
for a given text x. and sim(x,y): a similarity function between
the embeddings x and y.
For the second case, considering the text t we divide it

into sentences S = {s1, s2, · · · , sK }, then the similarity is
considered based on the sentence si most similar to the class
ci, and can be represented as:

P(ci | t) =
exp(max1≤i≤K sim(embM (si),embM (ci)))∑n
j=1 exp(max1≤k≤K sim(embM (sk ),embM (cj)))

(2)

We concatenate the probabilities generated by each model
into a single feature vector, which serves as the input to the
proposed method. This feature vector is then used to create
one of the node types in the heterogeneous network, enabling
the integration of diverse classification perspectives into a
unified representation for downstream tasks.

B. FEATURE SELECTION
When extracting multiple models that generate pseudo-
labels, which may differ significantly from the target domain,
it becomes crucial to establish methods for determining
the relevance of these pseudo-labels to the final classifica-
tion. To address this challenge, we propose three distinct
approaches for assessing the relevance of each pseudo-label:
a wrapper, a correlation, and an embedding method. These
methods allow us to rank the pseudo-labels based on their
relevance, enabling us to select those with the highest average
rankings.

Consider the dataset X = [x1, x2, · · · , xn] of size n, where
each xi ∈ Rd is a feature vector of dimension d , representing
the i-th data point. The goal is to classify a set of target
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variables y. To facilitate this classification, we introduce a
binary feature selection vector s ∈ 0, 1d , where each element
si indicates whether the corresponding feature is selected: if
si = 1, the i-th feature is included; otherwise, si = 0.
In this setting, our goal is to identify the vector s that

minimizes the classification loss function L(F(X), y), where
F(X) represents the predictive model applied to the selected
features. Specifically, F(X) serves as the classifier tasked
with predicting the values of y. The challenge lies in
selecting the most relevant features through s to optimize the
classifier’s performance while reducing the dimensionality of
the input space.

In this study, as the wrapper method, we employed
Recursive Feature Elimination (RFE) in conjunction with
Support Vector Machines (SVM) for feature selection [76],
[77], [78]. RFE systematically selects features through
a process of recursive elimination. Initially, an SVM is
trained using all available features. In each iteration, the
algorithm ranks the features based on their importance and
removes the least relevant ones. This elimination process
continues until the desired number of features is reached.
For our analysis, we set a limit of one feature to derive a
rank for each individual feature, facilitating a comprehen-
sive understanding of their relevance in the classification
task.

Another possible approach for feature selection is to
evaluate the correlation between the features and the target
classes, ranking the features based on the absolute value of
their correlation [79], [80], [81]. To achieve this, we utilize
Pearson correlation, computed between the pseudo-labels and
the true labels. The Pearson correlation coefficient quantifies
the linear relationship between two variables and is defined
as:

r =

∑n
i=1(xi − x̄)(yi − ȳ)√∑n

i=1(xi − x̄)2
√∑n

i=1(yi − ȳ)2
(3)

where xi is the pseudo-label associated with data i and yi is
the label associated with data i, x and y are the average of the
pseudo-labels and labels, and n is the amount of data.

For embedding-based methods, we apply a logistic
regression model to assign coefficients to each feature,
allowing to rank these features according to the absolute
values of their coefficients [82], [83]. To enhance the
reliability of this ranking, we combine the results from
three distinct approaches, calculating the average rank for
each feature. By doing so, we ensure that only the most
relevant pseudo-labels are retained, while those deemed less
significant are filtered out.

Despite filtering the pseudo-labels, we maintain the
original probability vectors, ensuring that the associated
probabilities remain intact. This approach is grounded in
our experimental findings, which indicate that GNNs are
relatively robust to noise in probability nodes. However,
the pseudo-label nodes are more sensitive to irrelevant
connections, necessitating a filtering mechanism to preserve

the integrity of the model and improve classification
performance.

C. UMAP DOMAIN ADAPTATION
To enhance data visualization and mitigate domain shift,
we propose a novel method called UMAP DA, which
aims to reduce high-dimensional representations to a two-
dimensional space. This transformation allows for a more
intuitive visualization of the data used by the heteroge-
neous network. To achieve domain adaptation with UMAP,
we impose a constraint that nodes from the same domain
should not be considered when calculating similarities. This
forces UMAP to establish connections only between data
points from different domains, thus promoting cross-domain
connections. As a result, the final two-dimensional repre-
sentation demonstrates reduced variance between domains,
effectively aligning them more closely in the reduced space.
This reduction in inter-domain variance not only improves
the visualization but also supports a better understanding
of domain adaptation, as the data from distinct domains
appears more homogeneous in this lower-dimensional
representation.

UMAP DA can be described as a function that maps data
xi ∈ Rn to a two-dimensional space, i.e. f : Rn

→

R2 generates a new two-dimensional representation for xi,
f (xi) = yi ∈ R2. Since the similarity between points in the
same domain should not be considered, let D1 and D2 be two
distinct domains of data. The domain characteristic function
can be described as:

χ (xi, xj) =

{
1, if xi ∈ D1 and xj ∈ D2 or vice versa,
0, if xi and xj ∈ D1 or both D2.

(4)

The distance function S(xi, xj) can be described as follows:

S(xi, xj) =

{
d(xi, xj), if χ (xi, xj) = 1,
inf, if χ (xi, xj) = 0.

(5)

Aside from this modification over the distance function,
we keep the traditional UMAP approach as it is. The
process begins with the construction of a fuzzy simplicial
set, which represents the likelihood that two points are
connected in the high-dimensional space. UMAP then creates
a two-dimensional projection that aims to preserve these
neighborhood relationships from the original space. This
approach enables a faithful representation of the local
structure of the data in the reduced space while also reducing
the domain-shift.

D. GRAPH NEURAL NETWORK
Using UMAP on probability vectors and pseudo-labels,
we construct a bipartite heterogeneous graph. This graph is
composed of two types of nodes: one is generated through
the representations generated by UMAP DA on probabilities,
while the other is the result of using UMAP on pseudo-
labels. In the graph, probability nodes establish connections
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exclusively with nodes that correspond to pseudo-labels
associated with data classification.

This graph structure allows edges to represent the classi-
fications performed by models on the data; by doing so, the
probability nodes with the same classification are indirectly
linked via the pseudo-label nodes. In this way, the graph
not only organizes information efficiently, but also facilitates
the visualization and analysis of relationships between the
different classifications performed by the models. Figure 1
presents in its third quadrant the structure of the heteroge-
neous graph, with the blue layer showing the nodes generated
through probabilities and the red layer representing the nodes
generated through pseudo-labels.

Regarding the final classification using heterogeneous
graphs, we opted to utilize smaller models due to our adoption
of a two-dimensional representation of the data. This strategic
choice allowed us to create a lighter architecture, thereby
avoiding excessive complexities associated with more intri-
cate structures. For this task, we explored three distinct
models. The first model is a simple dense neural network,
which, unlike the other approaches, does not leverage the
relationships established by the pseudo-labels and relies
solely on the probabilities for its predictions. In addition to
this dense network, we implemented twoGNNs, which utilize
the graph structure to capture interactions between the data
more adeptly.

Figure 2 illustrates the generic architecture of these
models, which consists of two convolutional layers, depicted
in blue, followed by dense layers represented in green.
At the end of this architecture, a classification layer, shown
in gray, is responsible for producing the final output of
the classification task. Within the convolutional layers,
we employed GraphSAGE and GATv2 to enhance the model
performance.

FIGURE 2. Illustration of the generic GNN method used for the final
classification.

GraphSAGE is an architecture designed for efficient
learning on large graphs, utilizing sampling and aggregation
techniques to enhance both efficiency and scalability. The

neighborhood sampling method effectively captures the local
graph features, eliminating the need to process the entire
graph. This aggregation process collects information from
neighboring nodes in a manner that preserves the integrity of
the final result, ensuring that feature propagation maintains
the symmetry of local relationships [66].

While GraphSAGE employs various aggregation strate-
gies, its primary objective is to generate robust represen-
tations of nodes by incorporating information from their
immediate neighborhoods. This approach enables the model
to learn valuable features without depending on the complete
global graph structure, making it particularly effective for
high-dimensional graphs and for representation learning in
dynamic or distributed graph scenarios.

Formally given a graphG = (V ,E) where V represents the
set of vertices andE the set of edges, and hv(k) represents node
v in layer k, the update of hv(k+1) performed by GraphSAGE
is described by an aggregation of neighbors of node v,
as described in the equation:

h(k+1)v = σ
(
W(k)
· AGGREGATE

(
{h(k)v } ∪ {h

(k)
u : u ∈ N (v)}

))
(6)

where N (v) is the set of neighbors of v in the graph,
AGGREGATE is the network aggregation function, W k is
the learned weight matrix, and σ is the network activation
function.

GATv2 enhances the process of node aggregation in graph
structures by replacing the uniform assignment of weights
with a attention mechanism. This mechanism evaluates the
relevance of each neighboring node during aggregation,
allowing for the assignment of distinct weights based on
their importance. The attention coefficients are learned
during the training process, enabling the model to prioritize
nodes that are more relevant to the task at hand [73].
This capability is particularly advantageous for modeling
heterogeneous or large-scale graphs, as it facilitates targeted
aggregation that takes into account the characteristics of
the observed neighborhood. Moreover, GATv2 introduces
a dynamic attention function that enhances the flexibility
of modeling interactions between nodes. A key feature
of this attention computation is its invariance to node
order, which ensures that the aggregation of incoming
messages remains unaffected by the sequence of connections
among neighbors. This property significantly improves the
robustness of the model by preventing bias from being
introduced due to arbitrary ordering of connections within the
graph.

Considering the graph G = (V ,E) where V is the set of
vertices, E is the set of edges, and hi is the representation of
the i − th node, GATv2 calculates the next representation h′i
via the following:

eij = LeakyReLU
(
aT

[
Whi ||Whj

])
(7)

αij =
exp(eij)∑

k∈N (i) exp(eik )
(8)
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h′i =
∥∥∥∥K
k=1

σ

 ∑
j∈N (i)

αkijW
khj

 (9)

W represents the learnable weight, || denotes concatenation,
a is the attention weights, eij is the not normalized attention
coefficient between the nodes i and j, LeakyRelu the
activation function used. From the eij coefficient we need
to apply the normalization, which is calculated via the
softmax function over all the neighbors of the node i. This
is represented on the second equation, where αij represents
the normalized attention coefficient between i and j, andN (i)
is the set of neighbors of i. The last equation is the sum of
the attention weights over the forward pass of each neighbor
followed by an activation function σ , ∥Kk=1 represents the K
multi attention heads.

Algorithm 1 Feature Extraction
1: for each input sample x ∈ X do
2: for each modelM ∈M do
3: if M is similarity-based then
4: PM (ci | x) =

softmax(sim(embM (x), embM (ci)))
▷ For similarity-based models

5: else
6: PM (ci | x) = model_out(x)

▷ For task-specific and zero-shot
models

7: end if
8: end for
9: Compute aggregated probability:
10: Pi(ci | x) = ∥MM=1PM (ci | x)
11: Compute pseudo-label:
12: PLi(ci | x) = ∥MM=1 argmax(PM (ci | x))
13: end for

E. ALGORITHMS
Algorithm 1 details our feature extraction process, where for
each input sample x we iterate over a set of models M to
compute class probabilities and pseudo-labels, for similarity-
based models, the probabilities PM (ci | x) are derived by
applying a softmax function to the similarity scores between
the sample and class embeddings, while for task-specific and
zero-shot models, the probabilities are obtained directly from
the model outputs. These individual probabilities are then
aggregated using a predefined operator ∥MM=1 to yield the final
predicted distribution Pi(ci | x) and pseudo-labels PLi(ci | x),
the latter being computed by aggregating the argmax results
from each model. Ultimately, the concatenation of these
aggregated probabilities forms the final representation used
in our method.

We employ three feature selection techniques to identify
the most relevant features for classification. Algorithm 2
utilizes a SVM with an RBF kernel to iteratively eliminate
the least important features based on ranking scores derived
from the optimization problem and the gradient of the kernel

Algorithm 2 Feature Selection: RFE With SVM
1: Dataset D = {(xi, yi)}ni=1 with d features
2: Initialize feature set F ← {1, . . . , d}
3: while |F | > 1 do
4: Train SVM with RBF kernel:

K (xi, xj) = exp
(
−γ ∥xi − xj∥2

)
5: Solve the optimization problem:

max
α

n∑
i=1

αi −
1
2

n∑
i=1

n∑
j=1

αiαjyiyjK (xi, xj)

6: Compute feature ranking scores:

∂K (xi, xk )
∂xj

= 2γ (xi,j − xk,j)K (xi, xk )

Rj =
n∑
i=1

n∑
k=1

αiαkyiyk
∂K (xi, xk )

∂xj
, ∀j ∈ F

7: Remove the least important feature:

F ← F \ {j∗}, j∗ = argmin
j∈F

Rj

8: end while
9: Rank features in descending order of correlation.

10: Select the top k features.

Algorithm 3 Feature Selection: Pearson Correlation
1: Compute Pearson correlation coefficient:

rj =

∑n
i=1(xi − x̄)(yi − ȳ)√∑n

i=1(xi − x̄)2
√∑n

i=1(yi − ȳ)2

2: Rank features in descending order of correlation.
3: Select the top k features.

Algorithm 4 Feature Selection: Logistic Regression
Coefficients
1: Train a logistic regression model with L1 regularization

by solving:

min
w

1
n

n∑
i=1

log
(
1+ exp(−yiw⊤xi)

)
+ λ∥w∥1

2: Extract the learned coefficient vector:

w = [w1,w2, . . . ,wd ]⊤

3: Rank features in descending order of importance Ij.
4: Select the top k features.

function. Algorithm 3 computes the Pearson correlation
coefficient between each feature and the labels to rank fea-
tures according to their statistical association with the target
variable. Finally, Algorithm 4 adopts an embedded approach
by training a logistic regression model with regularization,
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thereby extracting and ranking features according to the
magnitude of their learned coefficients.

Algorithm 5 UMAP DA: Domain Adaptation via Modified
UMAP
1: Define the domain characteristic function:

χ (xi, xj)=

{
1, if xi ∈ D1 and xj ∈ D2 or vice versa,
0, if both xi, xj ∈ D1 or both in D2.

2: Compute pairwise distances for all pairs (i, j):

d(xi, xj) for i, j = 1, . . . ,N

3: for all i = 1, . . . ,N do
4: for all j = 1, . . . ,N do
5: if χ (xi, xj) = 1 then
6: S(xi, xj)← d(xi, xj)
7: else
8: S(xi, xj)←∞
9: end if

10: end for
11: end for
12: Construct a fuzzy simplicial set F using the modified distance

matrix S.
13: (This step is identical to traditional UMAP, but now the local

connectivity is based on cross-domain similarities only.)
14: Optimize the low-dimensional mapping f : Rn

→

R2 by minimizing the cross-entropy loss between the
high-dimensional fuzzy simplicial set F and its two-
dimensional counterpart.

min
f
L(F , f (F))

15: Return the embeddings {yi = f (xi)}Ni=1

Algorithm 5 presents the UMAP DA method for domain
adaptation. The main idea is to modify the calculation of
distances so that, when constructing the fuzzy simplicial set,
the connections between data from the same domain are
disregarded, defining their distances as infinite. In this way,
only the similarities between samples from different domains
are used, bringing these representations in latent space closer
together. This alignment helps to align the distributions of
the two domains, while preserving the separation between
the classes. The implications and details of this approach are
discussed further in subsection IV-C3.

Based on the representation established by UMAP DA,
we construct a bipartite heterogeneous graph composed of
two types of nodes, feature nodes and class nodes, with edges
connecting only nodes of different types. We then train a
GNN consisting of GATv2 convolutional layers. The forward
pass of this process is detailed in Algorithm 6. For every
node i and each of its neighboring nodes j, the algorithm
first computes linear embeddings. These embeddings are
concatenated and passed through a LeakyReLU activation to
obtain an unnormalized attention score eij. Next, these scores
are normalized using a softmax function, resulting in attention
coefficients αij that quantify the relative importance of the
characteristics of each neighbor. The weighted sum of the
neighbor features, using the computed attention coefficients
as weights, is then passed through an activation function to

Algorithm 6 GATv2 Forward Pass
1: for k = 1 to K do
2: for each node i ∈ V do
3: for each neighbor j ∈ N (i) do
4: Compute linear embeddings:

hki =Wkhi, hkj =Wkhj

5: Compute unnormalized attention coefficient:

ekij = LeakyReLU
(
aT

[
hki ∥h

k
j

])
6: end for
7: Normalize attention coefficients:

αkij =
exp(ekij)∑

l∈N (i) exp(e
k
il)

8: Compute head-specific updated representation:

zki = σ

 ∑
j∈N (i)

αkij h
k
j


9: end for
10: end for
11: Concatenate the outputs of all heads:

h′i = ∥
K
k=1z

k
i ∀i ∈ V

12: Return {h′i}i∈V

yield a head-specific updated representation for each node.
Finally, the outputs from all attention heads are concatenated
to form the final node representation, effectively aggregating
diverse information from each node’s local neighborhood.
These representations are then used for the downstream
classification task.

Algorithm 7 outlines the proposed PDA method, detailing
its key stages and the algorithms employed at each step. The
process begins with feature extraction, where Algorithm 1
is used to generate both feature nodes and pseudo-label
nodes. Subsequently, feature selection is performed using a
combination of embedded methods (4), Pearson correlation
analysis (3), and recursive feature elimination with SVM (2)
to retain the most informative features. To address domain
shift, the UMAP DA Algorithm 5 projects the selected fea-
tures into a low-dimensional space while reinforcing cross-
domain relationships. The adapted features and pseudo-labels
are then structured into a heterogeneous bipartite graph,
where edges encode pseudo-label dependencies to capture
the underlying domain structure. Finally, a Graph Neural
Network (GNN) leveraging the GATv2 architecture (6) is
trained on this graph, learning rich node representations that
facilitate accurate classification.

IV. EXPERIMENTAL EVALUATION
In this section, we evaluate the performance of the proposed
method across six distinct datasets using a ten-fold cross-
validation approach. This evaluation compares our method
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Algorithm 7 PDA: Pseudo-Label Domain Adaptation
1: Feature Extraction
2: Use Algorithm 1 to create the feature nodes and the

pseudo-label nodes.
3: Feature Selection
4: Use Algorithms 2, 3, and 4 to select the most relevant

features for the given task.
5: Dimensionality Reduction and Domain Adaptation

with UMAP DA
6: Use algorithm 5 apply UMAP DA to project feature

representations into a low-dimensional space enforce
cross-domain connections to mitigate domain shift.

7: Construct Heterogeneous Bipartite Graph
8: Initialize graph with two node types: feature nodes and

pseudo-label nodes connect nodes based on pseudo-
label relationships.

9: Classification Using Graph Neural Networks
10: Train a GNN using the GATv2 forward pass, as outlined

in Algorithm 6, to learn meaningful representa-
tions from the constructed heterogeneous graph.
These learned embeddings will then be utilized for
classification.

against several established domain adaptation techniques
from the literature. Specifically, we include the follow-
ing methods in our comparison: TCA [84], fMMD [85],
DANN [20], DeepCORAL [86], MCD [87], MDD [88],
WDGRL [40], CCSA [89], PRED [35], SA [37], FA [35],
and CORAL [36].
To provide a baseline for comparison, we include a naive

approach, where domain adaptation is not applied. In this
method, we perform only a fine-tuning of a pre-trained
language model, followed by fine-tuning on the source
domain data.

By including both established domain adaptation tech-
niques and a baseline approach without domain adaptation,
our comparisons allow for a thorough evaluation of the
effectiveness of the proposed method. This enables us to
assess how well our approach performs relative to various
methods used for domain adaptation.

A. DATASETS
To analyze the proposed method, we used a compilation of
datasets provided by [90], which aim to classify texts into
different classes related to mental health analysis. This set of
datasets is composed of six datasets 3k Conversations Dataset
for Chatbot, Depression Reddit Dataset, Human Stress
Prediction Dataset, Reddit Mental Health Data, Students
Anxiety and Depression Dataset, Suicidal Tweet Detection
Dataset.

In each fold of our cross-validation process, we select one
dataset as the target domain, while the remaining datasets
serve as source domains. However, it is important to note
that some of these datasets contain labels that are not present
in the others. This discrepancy necessitates the inclusion of

labeled data from the target domain, as it allows the models
to be exposed to the new labels and creates a few-shot domain
adaptation scenario.

To address this challenge, we incorporate 1% of the labeled
data from the target domain into the training data. This
inclusion ensures that the models have the opportunity to
learn about these additional labels. For each fold, we perform
a new selection of this 1% partition, and this process is
repeated across the 10 folds for each dataset.

The 3k Conversations Dataset for Chatbot is a collection
of transcriptions derived from various interactions among
people. These interactions encompass a range of contexts,
including formal discussions, interviews, customer service
exchanges, and social media conversations. The primary
task associated with this dataset is to classify sentences
into several distinct categories: Normal,Depression, Anxiety,
Bipolar, Personality Disorder, Stress, and Suicidal [91].

Another dataset utilized in this study is the Depression
Reddit Dataset, which comprises posts extracted from the
social network Reddit. These posts are categorized into
two groups: Normal and Depression [92]. Similarly, the
Human Stress Prediction Dataset was also derived from
texts collected on this social platform, focusing on the
classification of texts into Normal or Stress [93].

Furthermore, the Students Anxiety and Depression Dataset
is sourced from the social network Facebook and comprises
posts and comments from college students. In this dataset, the
texts are classified into two categories: Normal and Anxiety.
Notably, the classes Depression and Anxiety are combined
into a single category, which adds a layer of complexity to
the domain adaptation process [94].
The Reddit Mental Health Dataset consists of data

extracted from Reddit, featuring posts classified into several
categories: Stress,Depression,Bipolar,Personality Disorder,
and Anxiety [95]. This dataset provides a diverse array
of labels related to mental health, thereby enhancing the
capability to analyze emotional states across various contexts.

Finally, the Suicidal Tweet Detection Dataset is derived
from the social network X and consists of tweets classified
into two categories: Suicidal and Normal [96]. This dataset
is particularly significant for studying risk behaviors and
detecting suicidal intentions within social networks.

B. BASE COMPARISONS
To evaluate the proposed method, we conducted a compar-
ative analysis using several feature-based domain adaptation
techniques from the existing literature. This approach allowed
for a more comprehensive and meaningful assessment of
the proposed method. Specifically, we compared our method
against the following approaches:

• Naive: This approach involves fine-tuning a language
model on the source domain data without applying
any domain adaptation technique. Once fine-tuned, the
model is used for classification on the target domain
data. This serves as a baseline method and can be
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effective when the source domain is vastly different
from the target domain, presenting high discrepancies
in concepts between the two.

• PRED: Predictive Domain Adaptation is a method that
begins by training an initial model solely on data from
the source domain. The predictions generated by this
model for the target domain are then used to guide the
training of a second model, which is fine-tuned on the
target domain data. By leveraging the representations
learned by the first model, the second model aims to
reduce the distributional discrepancy between the source
and target domains. This process creates an enriched
feature space that helps align the two domains more
effectively. Such an approach is especially advantageous
in situationswhere labeled data from the target domain is
limited, as it enables the transfer of knowledge from the
source domain to compensate for the scarcity of labeled
examples in the target domain [35].

• FA: Feature Augmentation introduces three distinct
representations for the same data: a generic repre-
sentation shared by both domains, a domain-specific
representation for the target domain, and another for the
source domain. This structure enables the generation of
a domain-independent representation from the generic
features while simultaneously capturing the unique
characteristics of each domain through the specific
representations. As a result, this approach facilitates a
more robust adaptation by preserving domain-invariant
information while accounting for the intrinsic differ-
ences between the source and target domains [35].

• CORAL: Corelation Aligment aims to minimize the
domain shift by aligning the second-order statistics
of the distributions from both domains. Specifically,
it focuses on the covariance matrices of these distribu-
tions. To achieve this alignment, linear transformation
methods are applied to the features of the source domain,
with the objective of minimizing the frobenius norm
between the covariance matrices of the source and target
domains [36].

• SA: Subspace Alignment focuses on aligning the sub-
spaces generated by the feature representations of both
the source and target domain data. This is done by first
generating subspaces through the principal components,
eigenvectors of the distributions using PCA. Afterward,
the method learns a mapping function to align these
subspaces, thereby reducing the domain shift between
the two domains [37].

• TCA: Transfer Component Analysis aims to iden-
tify transfer components, which are the features that
exhibit shared characteristics across different domains.
To achieve this, data from both the source and target
domains are projected into the space defined by these
transfer components. By performing this projection into
a common space [84].

• fMMD: feature Selection with MMD aims to identify
the most crucial features for domain adaptation by

determining which features remain invariant across
domains. To achieve this, the method selects the
subset of features that minimizes the Maximum Mean
Discrepancy (MMD) between the source and target
domains. By focusing on these invariant features, the
approach enhances the model performance in transfer-
ring knowledge across different domains [85], [97].

• DeepCORAL: DeepCORAL: Deep CORrelation
ALignment is an method that builds upon the original
CORAL technique by enabling the learning of non-
linear transformations [36]. This approach aligns the
correlations of the activation layers within deep neural
networks, facilitating the alignment of second-order
statistics between the activations of these layers across
the source and target domains [86].

• DANN: Domain-Adversarial Neural Networks employs
adversarial training to align the distributions of the
source and target domains. This method consists of
three primary components: the Feature Extractor, which
extracts features from the data; the Label Predictor,
which predicts the label associated with the data; and
the Domain Discriminator, which aims to distinguish
between the domains. The model goal is to generate
domain-invariant embeddings via the Feature Extractor,
ensuring that the Domain Discriminator is unable to
effectively differentiate between the domains while
maintaining accurate classification performance from
the Label Predictor [20].

• WDGRL: Wasserstein Distance Guided Representation
Learning, similar to DANN, also employs a domain
discriminator but introduces the novel approach of
minimizing the Wasserstein distance. This technique
aims to align the distributions of the target and
source domains more closely, thereby enhancing the
model ability to generalize across different domains.
By effectively reducing the discrepancy between these
distributions, the method improves the performance of
the model in various domain-specific tasks.

• MCD: Maximum Classifier Discrepancy aims to dis-
cover a new representation that minimizes the discrep-
ancy between the source and target domains. To achieve
this, the method employs adversarial training involving
three neural networks: an encoder and two classifiers,
each initialized differently, trained on the source domain
for the same task. The primary objective is to maximize
the discrepancy between the classifications generated by
the two classifiers while ensuring accurate classification
performance for both. This approach enables the identi-
fication of target samples that lie far from the support
of the source domain. Subsequently, a feature generator
is trained to minimize this discrepancy, with the goal of
producing target features that are closer to the support of
the source domain [41].

• MDD: Margin Disparity Discrepancy focuses on dis-
covering a new representation that minimizes the margin
disparity discrepancy between the source and target

41496 VOLUME 13, 2025



V. A. K. Tomita, R. M. Marcacini: PDA Using Multi-Model Learning

domains. Similar to DANN, MDD employs an encoder,
a label predictor, and a discriminator. The encoder
transforms the input data into a feature space, while the
task network utilizes these features to perform the pri-
mary task. Concurrently, the discriminator distinguishes
between the features of the source and target domains.
Through adversarial training, the method estimates the
discrepancy between these domains, and by minimizing
this difference, MDD significantly enhances the model’s
ability to generalize across various domains [88].

• CCSA: Classification and Contrastive Semantic Align-
ment employs a Siamese network to learn embeddings
that minimize the distance between source and target
pairs sharing the same label while maximizing the
distance between pairs with different labels. This
objective is achieved through a contrastive loss function,
which reduces the distance between elements of the
same class and increases the distance between elements
of different classes. As a result, the method creates
an embedding space where the domains are effectively
aligned, ensuring that similar items are positioned
closer together, while dissimilar items are placed further
apart [89].

C. RESULTS
Table 1 summarizes the results obtained from various domain
adaptation methods. The first column lists the specific
methods employed, while the subsequent columns present
the mean and standard deviation of the F1-Score achieved
by each method across different datasets. The methods
highlighted in bold denote the novel approaches proposed
in this work, specifically utilizing UMAP DA to enhance
domain adaptation in a lower-dimensional feature space. The
F1-Scores that are in bold are the best-performing for each
dataset.

For the base-comparisons, we utilize the MiniLMmodel to
extract embeddings, as described in [98]. These embeddings
serve as inputs to the domain adaptation methods, which
generate new representations based on both the source
and target domain data. Through these representations,
we employ a dense neural network to produce the final
classification.

For the Naive model, we employ BERT and fine-tune it
only on the source domain [99]. All the parameters of the
model are used during the training, after which we utilize
the embedding generated by the token CLS for classification.
This embedding is then processed through a classification
layer to produce the final predictions on the target domain.

For the proposed method, we generate representations
from the probabilities obtained by various models, employing
approaches such as zero-shot learning, similarity mea-
sures, and task-specific classification, as discussed in the
Section III. Based on these representations, we introduce
three architectures: a neural network that mirrors the one used
in the adaptation methods, along with GATv2 and Graph-
SAGE. These architectures are trained on a heterogeneous

network constructed according to our proposed method.
In the experiments presented in the table, we apply UMAP
DA to the representations derived from the probabilities. The
proposed methods are highlighted in bold, starting with the
acronym PDA.

We trained the naive method for 10 epochs, whereas the
other methods were trained for 200 epochs. This discrepancy
in training duration arises from the computational demands
of the naive method, which necessitates training the entire
language model. In contrast, the alternative methods only
require training a neural network on the generated representa-
tions, making them more efficient. To optimize performance,
we experimented with various combinations of learning rates
for each method and selected those that yielded the best
results. Specifically, we employed a learning rate of 1e−5

for the naive method. For the adaptation methods, we used
a learning rate of 1e−3, while our proposed method utilized
a learning rate of 2e−3. Additionally, we set the dropout rate
for the layers at 0.15 to enhance regularization and prevent
overfitting. We employ early stopping, selecting the optimal
epoch based on the validation dataset to generate predictions
on the target dataset.

The Table 1 demonstrates the effectiveness of the proposed
method compared to existing domain adaptation techniques.
Overall, the PDAmethod utilizing GATv2 consistently yields
superior results. However, it is important to highlight the
performance on the dataset Students Anxiety and Depression.
In this case, the proposed method performed poorly because,
as noted in IV-A, this dataset combines the labels Anxiety
and Depression into a single class. In contrast, the other
datasets treat these labels as distinct classes. This discrep-
ancy leads to challenges in reducing domain shift, as it
complicates the conceptual relationships associated with the
classes.

Figure 3 displays the box plot of the F1-score along
the y-axis for each method represented along the x-axis,
based on all the datasets. Since we are considering all
datasets, the distribution of the F1-scores becomes quite
dispersed. From this figure, it is evident that the pro-
posed method using GATv2 achieved, on average, the best
results.

Table 2 presents the results of the ablation studies discussed
in III. The methods assigned with the suffix EMB indicate
the outcomes achieved without utilizing UMAP DA on
the representations generated by the classification models.
In contrast, the methods labeled with UMAP DA reflect the
results obtained through the usage of UMAP DA. Generally,
we expect the ablation studies to yield better results without
UMAP DA because these representations incorporate diverse
forms of data representation, without losing any information.
However, it is important to note that these representations are
high-dimensional, making direct visualization challenging.
That said, employing UMAP DA facilitates the generation
of representations that are not only low-dimensional but
also easier to visualize. Ultimately, it is noteworthy that
when examining the ablation results concerning UMAP DA,
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TABLE 1. Compression of the methods over different and datasets.

FIGURE 3. Box plot of the F1-score of the methods over all the datasets.

TABLE 2. Compression of abblation over the proposed method.

the proposed method consistently outperforms the others
base-comparisons domain adaptation methods across all
datasets.

1) CD-DIAGRAM
The Figure 4 illustrates the critical difference diagram
(CD-diagram) generated using the Wilcoxon-Holm method,
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which is employed to assess pairwise significance among
the various methods. The position of each classifier on the
diagram reflects its mean rank across all datasets, with
models on the leftmost side indicating superior performance.
Thick lines connecting two ormoremethods signify that these
methods do not exhibit statistically significant differences in
their outcomes.

Given the multitude of methods considered, it is chal-
lenging for any single method to consistently achieve a
significantly higher average rank than the others. This
complexity is further compounded by the possibility that
different variations of the proposed method may influence
each other’s rankings. As a result, additional folds or datasets
may be necessary to reliably determine a genuine statistical
difference in ranking among the methods. Nevertheless
Figure 4 allows us to conclude that the proposed method
demonstrates better average performance when considering
the ranks obtained across the various datasets.

FIGURE 4. CD-diagram of the methods, considering every single fold as a
different dataset.

Figure 5 illustrates the CD-diagram derived when con-
sidering only the best variation of the proposed method.
This diagram reveals a statistically significant difference in
rankings between the PDA and the other methods. Notably,
this distinction was not apparent in Figure 4, where variations
in the positions of the approaches within the PDA method in
certain scenarios obscured the differences.

FIGURE 5. CD-diagram with only the best PDA method, considering every
single fold as a different dataset.

2) EMBEDDING REPRESENTATIONS
The Figure 6 illustrates the distribution of embeddings gener-
ated by different methods applied to theReddit Mental Health
Dataset. For the WDGRL, FA, and CORAL methods, the
original high-dimensional representations had to be reduced
to two dimensions for visualization purposes. In order to do
it, we employed UMAP for this dimensionality reduction.
In contrast, the proposed method, PDA, does not require
such a reduction, as it inherently produces a two-dimensional
representation. This feature facilitates a direct comparison

with the other methods. In the graphs, the colors and shapes
of the points represent the different classes associated with
the data, including bipolar, depression, anxiety, stress, and
personality disorders.

Through Figure 6 clearly illustrates the relationship
between the quality of the representations and the perfor-
mance of each method. For instance, the WDGRL method
exhibits lower performance, primarily due to the challenges
in class separation, as evidenced by the significant overlap of
points representing different classes. In contrast, the FA and
CORAL methods show a more distinct separation of classes,
which is directly reflected in their superior performance.

The proposed method, PDA, stands out for its ability to
provide a clear and consistent separation between classes
in the two-dimensional space, which directly contributes to
its superior performance. Despite functioning in a lower-
dimensional space, the representations generated by this
method effectively distinguish between different classes
when compared to the other methods. This characteristic of
accurately differentiating among classes is a key factor in
achieving better results than the alternatives.

3) UMAP DA
To demonstrate the capabilities of UMAP DA, a synthetic
dataset was created consisting of 500 instances, each with
ten dimensions. In this dataset, the class of each instance
was defined based on the value of the first dimension, while
the domain was determined from the value of the second
dimension. This construction was planned so that the method
could easily perform both the separation of classes and the
separation of domains.

Figure 7 shows a visual comparison of the results obtained
by conventional UMAP and UMAP DA. On the left, you can
see the result of the traditional UMAP, which shows a clear
separation of the classes in the synthetic dataset. On the right,
you can see the performance of UMAP DA, which maintains
a similar separation between the classes, showing that the
adaptation of the algorithm does not compromise the ability
to discriminate class.

On the other hand, Figure 8 highlights the main difference
between the two methods when representing the distribution
of domains. In the case of UMAP DA, the representations
generated have a significant level of domain invariance,
which is reflected in the difficulty of distinguishing the source
and target domains. This characteristic is fundamental for
reducing domain-shift. While the representations generated
by the UMAP method are characterized by representations
whose domain is more easily discernible.

An effective way of assessing the degree of difference
between two domains is to measure the distance between
their representations in the latent space. In this context,
the metric based on the Euclidean distance between the
representations of each domain stands out for its correlation
with the visual characteristic of the representations in the
latent space. To calculate this distance, the average of the
distances of the N nearest neighbors that do not belong to
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FIGURE 6. Embedding representation of the different methods.

FIGURE 7. Label distribution of UMAP and UMAP DA applied to the syntactic dataset. The graph on the left illustrates the results obtained using UMAP,
while the graph on the right shows the results using UMAP DA. Each point’s color indicates its corresponding class. These graphs demonstrate that both
methods exhibit similar class-separation capabilities.

the same domain of origin is used. This approach allows
assessing proximity between the domains in the space
generated by the representations, providing a quantitative
indication of the alignment promoted by the methods
used.

Figure 9 shows the results of this metric, visualized
using boxplots. In this figure, the boxplots in red represent
the results obtained with the traditional UMAP, while the
boxplots in blue correspond to the results achieved by the
UMAPDAmethod. The number associatedwith eachmethod
in the x-axis of the figure indicates the value of N used to
calculate the neighbors’ similarity.

The results show that, in all the cases analyzed, UMAP
DA presents representations in which the data from different
domains are closer together in the latent space compared to
traditional UMAP. This proximity is essential for promoting
domain adaptation, since it reduces the domain-shift and
generates more similar representations between different
domains.

The reduction in distance between domains observed
with UMAP DA reflects its effectiveness in creating more
aligned and invariant representations. The method manages
to reduce the barriers imposed by differences in distribution
between the source and target domains, while preserving

41500 VOLUME 13, 2025



V. A. K. Tomita, R. M. Marcacini: PDA Using Multi-Model Learning

FIGURE 8. Domain distribution of UMAP and UMAP DA applied to the syntactic dataset. The graph on the left represents the results obtained using
UMAP, while the graph on the right shows the results using UMAP DA. Each point’s color indicates its corresponding domain. The graphs reveal that
UMAP generates a representation where data from different domains are more easily distinguishable, with a clearer separation between domains.
In contrast, the representations produced by UMAP DA make it more challenging to establish a distinct division between domains, providing
evidence that UMAP DA brings the target and source domain distributions closer together.

FIGURE 9. Distribution of nearest neighbors distances for UMAP and UMAP DA on the synthetic dataset. The color of each boxplot indicates
the method used. The graph highlights that UMAP DA produces representations with shorter nearest neighbor distances between the source
and target domains, demonstrating greater alignment between their data.

relevant information for class separation. This feature is
particularly important in unsupervised or semi-supervised
learning scenarios, where generalization to new domains is
essential. Finally, we have made this tool available on github,
which can be accessed via the following link: UMAP DA.

V. CONCLUSION
In this paper, we introduce a novel approach called
Pseudo-labeling Domain Adaptation (PDA), which leverages
pseudo-labels to address domain adaptation challenges,
particularly in scenarios where labeled data is limited.
To enhance this process, we also introduce an embedding
space reduction technique specifically tailored for domain
adaptation, called UMAP DA. PDA mitigates the issue of
domain shift by generating robust data representations using
multiple classificationmodels that are subsequently projected
into a two-dimensional space via UMAP DA, enhancing
visualization while also reducing the domain shift. Building

upon these representations, we construct a bipartite hetero
graph. This graph serves as a base structure for the next phase,
where a neural network is employed to perform the final
classification task.

Our experimental results show that this approach leads
to substantial improvements in F1-score across six datasets,
underscoring both its effectiveness and robustness. In addi-
tion to the improved classification performance, we provide
an in-depth statistical analysis comparing PDA with other
domain adaptation methods reported in the literature. Fur-
thermore, we emphasize not only the enhanced classification
outcomes but also the quality of the low-dimensional data
representations generated by our method, which contributes
for the interpretability of the model.

Regarding future work, an interesting direction would
be to integrate the embeddings generated by the mod-
els into the pseudo-label-based representations, potentially
leading to enriched and more informative embedding
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representations [100]. Moreover, it would be valuable to
explore the impact of different prompts on the generation of
varied representations, as outlined in recent studies [101].
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