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Abstract

Heterogeneous graphs can represent real-world problems in a way close to reality, supporting diverse types of vertices
and edges. However, their inherent heterogeneity poses challenges in interpreting problem semantics. To address this, het-
erogeneous graph embedding, aiming to map graph elements to low-dimensional vectors, simplifies subsequent machine
learning analysis. This approach has gained prominence in machine learning, fueling classification, recommendation, and
similarity search applications. Embedding diverse data is essential for efficient data processing. Incorporating language
models, like BERT, into heterogeneous graphs enhances semantic context capture, which is particularly useful when one
vertex type represents text. Language models stand out in contextual representation, enriching graph vertex embeddings
for various tasks. This paper proposes a novel approach to enhancing heterogeneous graph embeddings by combining lan-
guage models and task class data. Our approach increases vector quality, accounting for graph structure, semantic textual
information, and task labels. We compared our proposal with a language model in the aspect-based sentiment analysis task,
demonstrating competitive results and, in some cases, a slight superiority. Furthermore, we explore applications of embed-
dings from auxiliary vertices in another task, highlighting another advantage of the approach over the language model.

Keywords Heterogeneous network - Transductive - Graph embedding - Opinion mining - Language model

1 Introduction analysis to academic network studies, e-commerce, and
cybersecurity [1-8].
Heterogeneous graphs can represent problems more closely However, this diversity that characterizes heterogeneous

to their real semantic nature, as they can accommodate  graphs also brings challenges, especially when dealing with
various types of vertices and edges. This flexibility makes  their intrinsic heterogeneity [1, 9]. Heterogeneity, mani-
them suitable for various applications, from social network  fested in different types of vertices and edges, can give rise
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to varied semantic interpretations for the same problem,
making analyzing and processing these graphs a complex
task.

In this context, heterogeneous graph representation
learning, known as heterogeneous graph embedding, plays
a crucial role. This technique aims to map the vertices and
edges of these graphs to low-dimensional vectors, simpli-
fying subsequent processing and analysis through machine
learning algorithms [9-11].

Heterogeneous graph embedding has gained attention in
the machine learning and data science community, as these
representations are important for various tasks, including
classification, recommendation, similarity search, and many
other highly relevant applications [9-17].

Representation learning and embeddings have advanced
various fields of data science and artificial intelligence by
creating data representations that capture essential and rel-
evant information in a lower-dimensional space, facilitating
complex information analysis and processing [18, 19].

Many current studies are directing their efforts toward
capturing heterogeneous graphs’ structure and semantic
nuances, including neighborhoods, communities, paths, and
subgraphs, and incorporating vertex attribute information.
However, the primary limitation of these works arises when
dealing with vertices lacking specific attributes.

While some methods excel in representing vertices with
attributes, they face significant challenges when handling
vertices lacking associated information due to data scarcity
or their heterogeneous nature. This gap in attribute avail-
ability for all vertices can hinder the models’ ability to
incorporate comprehensive and accurate information.

One promising approach to heterogeneous graph embed-
ding is incorporating pre-trained language models, such as
BERT. These models effectively represent textual context
and are considered state-of-the-art in Natural Language Pro-
cessing (NLP) tasks [20].

By incorporating language models into heterogeneous
graphs, we leverage their ability to capture semantic context
and relationships in text. This is especially advantageous in
scenarios where one vertex type represents textual informa-
tion. With their contextual representation, language models
can enhance the embeddings of graph vertices, making them
more informative and effective in various tasks.

Thus, this work aims to enhance the representation of het-
erogencous graphs by integrating language models, such as
BERT, and specific task class information. The main moti-
vation is to improve the quality of vector representations
of the graph vertices, considering both the graph structure
and the semantics of textual information associated with the
vertices and task class labels.
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The main goal is to develop an innovative method that
combines label propagation techniques with language mod-
els, resulting in enhanced vector representations for the
vertices of the heterogeneous graph. These representations
have broad applicability and can be employed in various
tasks, such as:

e (lassification: Enhancing the ability to classify different
types of vertices in a heterogeneous graph.

e Recommendation: Facilitating the generation of more
precise recommendations based on relationships among
the graph’s vertices.

e Similarity Search: Allowing for a more effective search
for similar vertices within the graph.

e Other Information Processing Tasks: Benefiting from
enhanced representations to perform a variety of data
processing tasks, leveraging the richness of information
captured in the embeddings of the graph’s vertices.

Essentially, the work aims to enhance the understanding and
processing of heterogeneous graphs, enabling the applica-
tion of these enhanced representations in a wide range of
tasks that benefit from the analysis and comprehension of
the complex relationships present in these graphs.

We have developed a method that combines label
propagation techniques with language models, resulting
in enhanced embeddings for the graph’s vertices. These
embeddings have wide-ranging applicability and can be
used in various tasks. For example, they can be employed
in the target task, focusing on the vertices of interest, or
in other tasks that benefit from embeddings of auxiliary
vertices.

2 Background and related work

Learning representations and embeddings have played an
important role in advancing various fields of data science
and artificial intelligence [9, 11, 21-23]. This technique
involves creating data representations that capture essen-
tial and relevant information, often in a lower-dimensional
space, which facilitates the analysis and processing of com-
plex information [9, 11, 16, 21-23].

In this context, the creation of embeddings for heteroge-
neous graphs has garnered significant attention [9-17]. On
the one hand, these heterogeneous graphs are recognized in
the literature for their ability to adequately represent com-
plex problems, approaching the semantic aspects closely
aligned with the problem’s reality. This explicit modeling of
diverse relationships among various types of graph objects
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has been well-documented in prior research [1-8]. On the
other hand, the complex structure formed by different types
of vertices and edges presents an even greater challenge
than homogeneous graphs when it comes to graph embed-
ding tasks [9, 11, 16].

In the following sections, we will address the studies
related to graph embeddings (Section 2.1) and embedding
techniques that use label propagation (Section 2.2).

2.1 Heterogeneous graph embedding

Wang et al. [9] categorized Heterogeneous Graph Embed-
ding approaches into four groups: ‘“Structure-preserved
heterogeneous graph embedding”, “Attribute-assisted
heterogeneous graph embedding”, “Application-oriented
heterogeneous graph embedding” and “Dynamic heteroge-
neous graph embedding”.

In “Structure-preserved heterogeneous graph embed-
ding”, the aim is to preserve the graph’s structure and
semantics during the embedding learning process. This
approach involves three fundamental structures: edges,
meta-paths, and subgraphs. Meta-paths, representing paths
between two vertices, describe the semantic relationships
among pairs of vertices, enabling embeddings to capture
not only the topology but also the various semantics of
the graph. Each of these structures has its algorithms. For
example, PME [24] deals with different types of edges by
creating different metric spaces for various relationships,
allowing pairs of vertices to be similar based on these met-
ric spaces.

Regarding meta-paths, an algorithm is metapath2vec
[25], which employs meta-paths generated through random
walks, resulting in sequences of vertices. For subgraphs,
mg2vec [26] is one such algorithm, using meta-graphs and
vertices in the embedding learning process. It enumerates
meta-graphs and preserves proximity between meta-graphs
and vertices. In addition to these cited works, there are many
others in this group [9, 12—-14].

Apart from graph structure, attributes are another essen-
tial component. Thus, “Attribute-assisted heterogeneous
graph embedding” creates embeddings based on the graph
structure and aims to incorporate various attributes in the
heterogeneous graph into these embeddings. One challenge
of this approach is the heterogeneity of attributes, which
led to the development of Heterogencous Graph Neural
Networks (HGNN), which can be categorized as unsuper-
vised and semi-supervised. Unsupervised HGNNs include
HetGNN [26], which is comprised of three parts. The first
part focuses on aggregating content from different verti-
ces to form a combined embedding. The second part is the

neighborhood aggregator, which aggregates vertices of the
same type. The third part consists of the type aggregator,
utilizing an attention mechanism to aggregate embeddings
from different types to form the final embedding.

On the other hand, semi-supervised approaches aim to
learn embeddings for a specific task in an end-to-end man-
ner, more frequently using attention mechanisms to cap-
ture relevant information. Among the various works in this
group [9, 15, 16], the Heterogeneous graph Attention Net-
work (HAN) [27] captures both the vertex’s importance and
semantic importance. It consists of three parts: vertex-level
attention, semantic-level attention, and a task-focused layer
that refines vertex embeddings based on a small number of
labeled vertices.

Concerning applications of heterogeneous graph embed-
dings, the group “Application-oriented heterogeneous graph
embedding” focuses on methods for applications such
as classification, recommendation systems, and proxim-
ity search [9, 10]. The key points in this group are how to
construct the graph for the application and how to incorpo-
rate domain-specific knowledge into the embeddings. For
instance, recommendation systems can be naturally mod-
eled as a heterogeneous graph, with vertices representing
users and items and other types of relationships and infor-
mation. In classification tasks, three prominent categories
are author identification, user identification, and collective
classification. Author identification aims to identify the
author of anonymous articles based on author and paper
similarity. User identification focuses on identifying users
of interest and disinterest in a given application. Finally,
collective classification deals with modeling relationships
between different types of vertices, which is the most chal-
lenging aspect of modeling vertex relationships.

The previous groups primarily deal with static graphs,
but graphs can change over time in real-world scenarios.
Algorithms in the “Dynamic heterogeneous graph embed-
ding” group fall into incremental updates or full retrain-
ing. In the incremental update category, algorithms use
existing embeddings to learn embeddings for new verti-
ces at each timestamp. An example is DyHNE [28], which
uses the perturbation matrix to learn embeddings based
on the heterogencous graph’s characteristics, preserv-
ing both the semantic and structural aspects of the graph
while updating vertex embeddings without retraining the
entire model. In the full retraining category, algorithms
retrain the model at each timestamp and use techniques
to capture temporal information between timestamps. For
example, DyHATR [17] employs hierarchical attention to
capture temporal information by altering vertex embed-
dings at different timestamps.
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Beyond these groups, other works do not fit within these
categories, such as heterogeneous graphs focused on natu-
ral language processing (NLP) tasks. Many NLP tasks can
be modeled as heterogeneous graphs. In cases where ver-
tices or a type of vertex represent text, embeddings from
language models better represent the text. Label propaga-
tion algorithms can propagate this information to the rest
of the vertices.

2.2 Label Propagation

Belkin et al. [29] introduced a versatile regularization
framework for transductive classification within graphs.
While these approaches may have variations, they share
two common properties in transductive classification meth-
ods [30]. Firstly, their estimated class confidence vectors
should exhibit similarity when two vertices are connected
in the graph. Secondly, the estimated class confidence vec-
tors of labeled vertices should closely resemble the actual
class information. This framework can be expressed in a
generic form, as shown in Equation 1 [31].

1

QE) =5 D woo,Uoifo) T Y Vhoivo) (1
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The first term Q(.) in the framework’s function is tasked
with computing the similarity between information vec-
tors for each pair of related objects within the graph. This
similarity can be derived using distance or dissimilarity
functions. Conversely, the second term €'(.), calculates
the similarity between the information of labeled objects
and their respective actual original information. In this
context, “labeled” refers to objects that possess external
information and propagate this information within the
graph. Within this equation, w,, ,, denotes the weight of
the relationship between objects, while the parameter p
signifies the importance of the actual original information
during the label propagation process.

Among the various proposed methods, the GNetMine
algorithm, introduced by Ji et al. [30], has some interest-
ing features and shares some similarities with the pro-
posed method. GNetMine considers different levels of
importance for vertices and the importance of labeled data.
Equation 2 defines the GNetMine regularization function,
where A, ) denotes the importance level between verti-
ces u and v, with 0 < )\(WJ) < 1. To prevent highly con-
nected (popular) vertices from dominating the class vector
confidence estimates, d(.) aggregates the edge weights of
all neighbors of a vertex u that belong to the same type
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of relationship' as (u, v). f, represents the estimated class
confidence vector of a vertex v, and y,, signifies the actual
class information of a labeled vertex u. The confidence in
the real class information of a labeled vertex u is deter-
mined by a,), where 0 < a(,) < 1. The regularization
function is a minimization problem aimed at deriving a
class confidence matrix F, which reflects the estimated
class confidence across the entire graph.

2

f, f
)= 2 Mo | s gt = ¥,
Q(F) Mzev o) | =S T o) +U§L P (—— )

The method of Duran et al. [32] is also closely related to
our proposal. They divide their method into two steps: first,
it learns a vector representation for each label (this label
is an identifier, not related to the class) through messages
propagating along the edges of the entire graph. The second
step involves learning representations for the vertices based
on these labels.

Zheng et al. [33] proposed another similar method that
aims to iteratively reconstruct a vertex’s embedding and
then propagate it to its neighbors. This process is done so
neighbors of the same type have their embeddings aggre-
gated, and these embeddings are concatenated. Addition-
ally, each type of neighbor has its importance, which will
be used when reconstructing the embedding.

GRACE (GRAph Clustering with Embedding propa-
gation) was proposed by Yang [34], aiming to generate
embeddings focused on the clustering task using both vertex
attributes and edges, i.e., the graph structure. Furthermore,
this method is end-to-end, meaning it simultaneously learns
the embedding and the cluster unsupervised. To achieve
this, it obtains all vertex attributes, learns an embedding,
and then propagates this embedding in the network to obtain
structure-based embeddings. These embeddings are then
used to reconstruct the original attributes of the vertices
while optimizing a clustering structure using self-training.

Paulo et al. [35] investigate the propagation of embed-
dings using language models in the context of news events.
This work shares a concept that is closely related to what we
are proposing. However, there are notable differences, such
as their label propagation equation, which does not consider
class information during propagation. They consider equal
importance assigned to all types of relationships. Addition-
ally, they employ pre-training using the Masked Language
Model task of BERT for the initial embeddings.

! In homogeneous graphs, all vertices share the same type of rela-
tionship, while heterogeneous graphs organize vertices into different
relationships.
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Using language models during the learning process in
heterogeneous graphs, where one type of vertex represents
textual information, is highly advantageous. Language
models like BERT effectively capture textual context and
are state-of-the-art in NLP tasks [20].

3 Embedding propagation for
heterogeneous graphs with class refinement
(EPHG-CR)

This section will present the details of our approach for
embedding refinement. Our proposed method consists of
two stages. The first stage is divided into two parallel steps.
One aims to generate embeddings for all graph vertices,
while the other focuses on generating labels for all graph
vertices. Dividing these steps allows for the independent
optimization of each.

After the first stage is complete, the second stage begins.
Its objective is to refine the embeddings, considering the
labels generated in the first stage. Figure 1 illustrates this
process. The embeddings from the first stage, highlighted
in shades of gray, indicate that the learning was performed
without considering class or label information. On the other
hand, the colors resulting from the second stage (end of
the process) represent an embedding matrix that considers
both the graph structure and label information, reflecting a
more refined and comprehensive representation of the ver-
tices. For example, vertices “a” and “b”, which are origi-
nally associated with the red and blue labels, respectively,

First Stage (for each vertex)

also receive a slight influence from the orange label due to
their connections with neighboring vertices.

Before delving into our proposal, let us consider some
essential aspects of graph creation. It is important to note
that our objective is not to prescribe a specific graph topol-
ogy, as our approach does not impose such limitations.
Instead, we aim to outline critical characteristics that the
graph must exhibit. This flexibility is crucial since graph
creation is intricately linked to both the dataset being uti-
lized and the specific objectives of the task.

For instance, when dealing with textual datasets, a
graph can be constructed where vertices represent indi-
vidual texts, and edges encode the similarity between
these texts. Alternatively, one can opt for a bipartite
graph structure, where one set of vertices corresponds to
texts, and the other set corresponds to individual words.
The connections between vertices, in this case, signify
the presence of a word in a given text. Moreover, it is
worth noting that additional layers can be introduced
by extracting further information from the text, creating
diverse vertex types and connections. These additional
layers may encompass temporal information, named enti-
ties, keywords, and various other elements, depending on
the specific needs of the task.

Regarding the edges within the graph, it is paramount
to ensure that the weights or values associated with these
edges are appropriately normalized, with values constrained
within the range [0, 1]. This normalization is crucial because
our approach draws inspiration from the Regularization
Framework [29, 31].

Second Stage
EPHG-CR

Generate Embedding

(Equation 4)

n
0.11

0.29
0.10

0.77
0.18

0.74

0.15

0.2310.45| ...

0.65/0.27| ...

0.60/0.03| ...

0.32]10.20| ...

Label Vertices

0.55/0.94| ...

0.3410.93] ...

Fig. 1 Illustration of the proposal framework. The variable E,, represents the embedding dimension, while L, denotes the number of associated labels
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Section 3.1 will explain the process of generating embed-
dings for each vertex within the graph. Subsequently, Sec-
tion 3.2 will explore various methods for generating labels
for individual vertices within the graph. Finally, we will
delve into the second stage of our proposal in Section 3.3,
where we will elucidate the process of refining embeddings
using these generated labels.

3.1 Node embedding generation

As mentioned earlier, the objective of this stage is to gen-
erate embeddings for each vertex of the graph. Various
methods can generate embeddings from a graph, some of
the most well-known ones being DeepWalk [36], Node2Vec
[37], GraphSAGE [38], and Graph Convolutional Networks
(GCN) [39]. These methods have advantages and disad-
vantages, along with others not mentioned here. However,
regardless of these differences, they can be used as input for
the proposal’s second stage (Section 3.3). It is worth noting
that we will not be evaluating the use of these models in
this article, as it depends on the dataset and graph used in
Section 4.

Models like BERT [40] can capture various types of
text features, especially semantic and contextual informa-
tion [41-44], due to their pre-training on a large corpus
of text. In other words, Neural Language Models pos-
sess significant semantic and contextual information in
their embeddings. However, despite having semantically
and contextually rich embeddings, these embeddings are
text-bound. They cannot represent objects related to the
text, such as users, products, and other entities that can
be modeled through graphs/networks. This is where the
most significant advantage of graph/network represen-
tations lies — in making explicit the different types of
relationships between various entity types [2, 3, 5, 30,
45-53].

Thus, this proposal stage aims to generate embeddings
for all vertices using Language Model embeddings. To
achieve this, it is necessary for the graph to have verti-
ces representing text that can be utilized in the Language
Model, such as reviews, keywords, or aspects. With textual
vertices containing embeddings, the next step is to employ
a label propagation algorithm to disseminate this embed-
ding. In this regard, it is possible to utilize classical label
propagation algorithms such as GFHF [54], LLGC [55], or
GNetMine [30]. During this stage, when propagating lan-
guage model embeddings throughout the graph, topology
information is also integrated into the process. An impor-
tant point is that the approach allows for mixing embed-
dings, meaning different vertices can receive embeddings
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from different sources. However, all embeddings must be
the same size; our proposal cannot handle embeddings of
different sizes.

3.2 Label generation

In this section, we will address the process of generating
an initial set of labels for all vertices based on a set of
target vertices, which are the focus of the task. Labeling
large amounts of data is costly, so this approach relies on
transductive learning. Transductive learning yields good
results even with limited labeled data [51, 53, 56]. There-
fore, it is possible to label a small subset of vertices man-
ually. Additionally, depending on the application, using
multi/cross-domain classifiers, unsupervised models, or
even Large Language Models to label the target vertices
is feasible.

Once a portion or all target vertices are labeled, label
propagation is performed to assign labels to the remaining
vertices. As mentioned earlier, this process can be carried
out using classical algorithms. In the experimental evalu-
ation, we will provide further details on how this step was
executed (Section 4.4).

3.3 Regularization

In this section, we propose a novel approach, to the best
of our knowledge, for refining embeddings based on ver-
tex labels. As mentioned earlier, our approach takes as input
a set of embeddings and a set of labels for each vertex to
refine these embeddings through a label propagation pro-
cess that considers the vertex labels.

Our approach is grounded in the Regularization
Framework (Equation 1), where the primary objective
is to minimize an objective function while satisfying
two critical premises: (i) ensuring that the information
of neighboring objects remains similar and (ii) ensuring
that the information assigned to initialized objects during
the classification process closely aligns with the actual
information [57].

In a general context, consider G = (O, R,W,E,L) asa
graph, where O represents the set of vertices formed by n
subsets of vertices, i.e., @ = O U ...U O, where C is
referred to as a layer. In this work, a layer is defined as a
group of vertices of the same type or with a common pur-
pose. Additionally, our proposal assumes the existence of
a layer OT, which represents the subset of target vertices
T € C. In other words, it denotes the subset specifically
targeted by the task. R represents the importance of differ-
ent sets of edges, allowing us to increase or decrease the
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weight of a group of edges during the propagation process.
In other words, given two layers C; and C;, the impor-
tance of the edges connecting these layers is denoted as

RCi:C; where »¢ Z]C R = 1. On the other hand, W

indicates the weights of the edges between two objects. In
contrast, £ and L represent the embeddings and labels of
each vertex, where £ can be a one-hot matrix or contain
the pertinence of a vertex for each of the classes.

Therefore, the objective of our proposal is to propa-
gate the embedding £ to the vertices O while weight-
ing this information based on W, R, and L. The process
is illustrated by Equation 3, where A, o, represents the
weighting or influence of the embedding £ from vertex o;
on vertex o;. In this context, W,, », indicates the weight
of the edge connecting vertices o; and o;. Additionally,
C(0;) denotes the layer to which vertex o; belongs. There-
fore, O€(°i) returns the subset of vertices from the same
layer as o;. We use this to calculate the degree of ver-
tex oj, considering only the edges connecting vertices
o € O€) 1In other words, this part of the equation aims
to penalize vertices with a high degree, considering only
one layer of interest.

Furthermore, RC(°:)-€(%) indicates the importance of
the layers of vertices o; and o;, while Lo;, argmax(ﬁoj)
returns the pertinence of vertex o; in the class of oy,
denoted by argmax(Lo;). This means that if vertex o; has
Lo;,argmax(L,;) = 0, then o; will not receive any infor-
mation from o;.

Wo, 05 % RCOC0:) o

Cloj) | ) Clon) oiargmax(L, ) 3
VEL W (ST W : 3)

Aoio; =

When we adapt the Regularization Framework (Equation
1) to our proposal, we obtain Equation 4. In this equation,
> « Lo,k calculates the sum of class pertinence for o; and

Fig.2 Convergence Progress: 1.8M

Change in Convergence Metric 1.6M
Across Iterations 1.4M

ue

< 1.2M

&

0.8M
0.6M

onvergence Va

O 0.4M
0.2M

uses it as a normalizer. Meanwhile, the second part of the
equation computes the similarity between the embeddings
from the first stage e, and the embedding being refined f.
The parameter p indicates the importance of the original
embedding. This means that a higher value of i preserves
more of the original embedding’s information, ranging
from 0 (preserves nothing) to 1 (preserves everything, i.e.,
the embedding remains identical to the original). Equa-
tion 4 can be solved using closed-form solvers or iterative
methods like label propagation. In the next section, we will
experimentally evaluate the proposed method. Figure 2
illustrates the convergence behavior of this function across
40 iterations (epochs).

Z?, >\0iv"j Hf"f - f"y
Zk ‘C’Oi,k

H + H Z (fth - qu‘) (4)

0, €0

QF) =

0, €0

3.4 Proposed algorithm

In the previous sections, we detailed the core compo-
nents of our approach. Section 3.1 described the embed-
ding generation and propagation process, which aims to
initialize embeddings for the target vertices and propagate
them across the graph. Section 3.2 focused on the label
generation and propagation process, where initial labels
are assigned to target vertices and propagated through
the graph. Section 3.3 introduced the second stage of our
approach, where embeddings are refined using Equation
4, which leverages both the graph structure and the propa-
gated labels.

In this section, we unify these components into a single
cohesive algorithm. The steps are outlined in Algorithm 1,
providing a comprehensive view of how these processes
interact to produce refined embeddings tailored for hetero-
geneous graph tasks.

15 20 25 30 35 40
Epochs/Iterations
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Algorithm 1 Embedding Propagation for Heterogeneous Graphs with
Class Refinement (EPHG-CR).

1: Input:
- Graph G = (O, R, W)

- Input data (for embeddings and labels)
- Label Propagation Algorithm (e.g., GNetMine, Label Propagation)

- Language Model (e.g., BERT)
2: OQutput:
- Refined embeddings

> First Stage

> Step 1: Embedding Generation and Propagation

for each target vertex v in OF do

end for

A

propagation algorithm

Generate embedding &, for vertex v using the language model

Propagate the generated embeddings £ throughout the graph G using the label

> Step 2: Label Generation and Propagation

7. for each target vertex v in O do

Assign label £, to vertex v using a label source (e.g., ground truth, manual

labels, or other sources)
9: end for

10: Propagate the labels £ throughout the graph G using the label propagation

algorithm

> Second Stage

11: Use Equations 3 and 4 to refine the embeddings generated in Step 1 with the

labels propagated in Step 2
12: Return refined embeddings

In the proposed algorithm, the heterogeneous graph
G ={(O,R,W) consists of the following components: the
vertices (O), (R) represents the importance of different sets of
edges, and (W) is the weights of the edges between two vertices.

The subset OF represents the vertices used to gener-
ate embeddings through a language model (e.g., BERT),
although other algorithms can also be applied for embed-
ding generation. Similarly, the subset O consists of verti-
ces that will be labeled using a label source, such as ground
truth, manual annotations, or other methods.

4 Experimental evaluation

In this section, we will assess the proposed model’s perfor-
mance in the aspect-based sentiment analysis task and con-
currently evaluate the quality of the embeddings generated
by the model. The evaluation in the sentiment analysis task
aims to gauge the effectiveness of the generated embeddings
compared to the language model. On the other hand, the
assessment of the embeddings will focus on determining
their utility and effectiveness for other diverse tasks beyond
aspect-based sentiment analysis.

@ Springer

4.1 Datasets

We will carry out these analyses using two aspect-based sen-
timent analysis datasets from SemEval 20142, These datasets
are described in Table 1 where “#Reviews” and “#Aspects”
are the number of unique reviews and aspects, respectively.

Furthermore, the method proposed in Section 3 needs
a graph (Section 4.2), an embedding (Section 4.3), and an
algorithm for propagating labels and embeddings (Section
4.4). Finally, the proposed method will be evaluated in the
sentiment analysis task in Section 4.5, while the embeddings
will be evaluated in Section 4.6.

4.2 Creation of the graph

We describe how the vertices and edges were defined to
build the graph and detail its characteristics, such as the
number of vertices, the density of connections, and other
relevant details.

Based on the sentiment analysis datasets described in
Table 1, the graph we will be evaluating has five layers: five

2 https://alt.qcri.org/semeval2014/task4/
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Table 1 Overview of the selected datasets

Train Sentiments

Test Sentiments

Dataset #Reviews #Aspects Neg Neu Pos Neg Neu Pos Total
Laptops 1900 1301 870 464 994 128 169 341 2966
Restaurants 2618 1637 807 637 2164 196 196 728 4728
Fig. 3 Illustration of the proposed
graph
Review,
Target (Negative)
@ Target (Neutral)

9 W / @ Target (Positive)
Targe

R
6387 %

sets of different vertices. Three of these layers are easily cre-
ated, requiring little or no processing. However, the other
two depend on external tools and may vary depending on
their parameters. The complete graph that can be created
using these five layers is illustrated in Fig. 3, and these lay-
ers are described below:

e Target: this is the main layer. It was created to compare
the method proposed in the classification task with other
algorithms. The size of this layer is the same as the
dataset used. In other words, each vertex in this layer
refers to an example of the dataset. This was necessary
because the task is aspect-based sentiment analysis,
which means a review can contain many aspects, and
one aspect can be present in several reviews. So, creating
a single vertex to represent the pair review and aspect
was necessary. In addition, this layer is responsible for
propagating the information in the graph since all other
layers are connected directly or indirectly (through other
layers that are connected to this one).

e Aspect: as previously mentioned, an aspect can be
present in more than one dataset instance. The goal of
this layer is to represent the dataset’s unique aspects. For
this layer, the unique aspects were considered without
any preprocessing in the text; this means that aspects
will be identified by how they appear in the text; for
example “play”, “playing” and “Play” are all different
aspects. We chose not to perform any preprocessing to
keep it simple and language-independent.

Target Unlabeled

e Review: analogously to the Aspect layer, this layer aims

to represent the unique reviews present in the different
examples of the dataset. In addition, no preprocessing
was performed on the reviews. An example would be
the following opinion: “The price of the product is great,
but the quality was disappointing”. This opinion would
be connected to two Target vertices: (“The price of the
product is great, but the quality was disappointing”,
“Price”) and (“The price of the product is great, but the
quality was disappointing”, “Quality”).

BoW: this layer, differing from the previous layers,
was constructed based on the Bag-of-Words (BoW)
representation of the dataset’s reviews. Consequently,
preprocessing steps for the text, such as stopword
removal and conversion to lowercase, were necessitated.
Additionally, n-grams were incorporated, with n ranging
from 1 to 4. Any n-gram that appeared in only one review
was subsequently excluded. To signify the presence
or absence of an n-gram in a review, we utilized the
frequency at which the n-gram occurred within the
review. However, once the BoW representation was
complete, we applied “sum normalization” to each row,
ensuring values fell from 0 to 1.

YAKE! [58]: similar to the Bag-of-Words (BoW) layer,
this layer is also constructed based on the dataset’s
reviews, but the goal is to identify relevant keywords in
user opinions. We used a keyword extraction tool called
YAKE! to extract the top 20 keywords from each review
using a maximum of 4-grams, setting the window size
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to 1 and employing the “seqm” deduplication algorithm
with a threshold of 0.9. These parameter settings were
chosen because they are the defaults for this tool.
Following the extraction of keywords from each review,
we applied “MinMax Normalization” for scaling,
following the guidelines provided by Campos et al. [58].
In the case of YAKE!, a lower score indicates greater
relevance for a keyword within a specific review. To align
with this, we inverted the scores to consider a keyword
more relevant when closer to a value of 1. Finally, we
established a structure analogous to the Bag-of-Words,
which was utilized to remove keywords present in only
one review and apply “sum normalization” to each line.
To illustrate this layer, we can consider the following
review: “The price of the product is great, but the quality
was disappointing”. We could extract keywords such
as “price”, “product”, and “quality was disappointing”
using the YAKE! extractor.

Except for the Target layer, the other layers can be
constructed in different ways. This means that any changes
in the construction of these layers will directly impact the
final result of the proposed approach. However, this article
will not delve into the analysis of this impact. This is
because various factors, such as different parameters used
in the employed techniques, various text preprocessing
methods, and even the way edge weight normalization
was performed, can generate different layers, leading to an
exponential number of possible combinations and results.
Addressing all possible variations in this study would be
impractical. Table 2 shows the number of vertices in each
layer with the preprocessing described above.

In practice, any subset of layers (Fig. 3) can be utilized.
However, specific criteria have been established to define a
valid subset for this article’s evaluation scope. These criteria
are outlined below:

1. Target Completeness: the graph should include all the
vertices from the Target layer. No edges might con-
nect specific vertices from the Target layer to the rest
of the graph depending on the chosen subset. It would
be meaningless to assess a vertex without altering its
embedding during the propagation step.

2. Vertex Reachability: once the initial criterion is met,
the goal is to ensure that all vertices from the “labeled”
vertices are reachable. In this context, “labeled” refers to

Table 2 Overview of the number of vertices in each layer

Datasets Aspects BoW Review Target  Yake
Laptops 1301 16660 1900 2966 3995
Restaurants 1637 24493 2618 4728 6769

@ Springer

external information propagated in the graph, including
labels or embeddings. While similar to the previous
criterion, the focus here is not on missing vertices
but on guaranteeing access to all present ones in the
context of a proposed k-partite graph, which typically
disallows connections between vertices within the same
layer. However, there is an exception: if an unreached
vertex is a Target vertex, an edge will be established
between this Target vertex and the labeled Target vertex
with the highest cosine similarity in their embeddings.
This exception enables connectivity within the k-partite
graph, even when it is typically restricted between
vertices of the same layer.

Using only the first criterion described earlier, we find
48 valid subgraphs, including some invalid subsets. For
instance, one subset consists of two types of edges: the
first type connects “Target” and “Aspect”, while the second
type connects “BoW” and “Review”. This subset is invalid
despite containing all “Target” vertices because no edges
connect the “BoW” or “Review” layers to the “Target”
layer. Using the second criterion, this is corrected, leaving
43 valid subgraphs.

Experimental evaluation of all 43 subgraphs is unfeasible
for several reasons. First, the number of subgraphs imposes
significant computational demands and time constraints.
Second, exhaustive evaluation may not provide substantially
different insights than assessing a representative subset.
Moreover, resource limitations, including hardware and
human resources, make it impractical to assess every
subgraph comprehensively. Hence, we have evaluated
five subgraphs as a more practical and efficient approach.
Additionally, Table 3 will describe these selected subgraphs.

The five subgraphs for evaluation were carefully selected
based on several factors. The first subgraph (A&R), com-
posed only of the “Aspect-Target” and “Review-Target”
relationships, was chosen as the most straightforward and
fundamental starting point. This allows us to establish a
reference baseline from which we can assess the impact of
additional layers.

The second subgraph (A&R+BoW), which includes
“BoW-Target” in the A&R subgraph, was selected to
examine how the inclusion of the BoW layer influences
graph connectivity and overall performance. The third
subgraph (A&R+Yake), which adds “Yake-Target” to the
previous combination, allows us to investigate the impact of
a specific keyword extraction method on the graph.

The fourth subgraph (A&R+BoW-+Yake), combining
“BoW-Target” and “Yake-Target”, is chosen to represent a
more comprehensive configuration that reflects a realistic
scenario of data and information propagation in the graph.
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Table 3 Overview of the number of edges in each subgraph

Restaurants Laptops
Subgraph Relations Vertices Edges  Verti- Edges
ces
A&R Aspect-Tar- 8983 9456 6167 5932
get Review-
Target
A&R-+BoW Aspect-Tar- 33476 119240 22827 76569
get Review-
Target
BoW-Target
A&R+Yake Aspect-Tar- 15752 38590 10162 22716
get Review-
Target

Yake-Target
A&R+BoW+Yake Aspect-Tar-
get Review-
Target
BoW-Target
Yake-Target
All Relations All
Relations

40245 148374 26822 93353

40245 203534 26822 132314

Finally, the “All Relations” graph, encompassing all pro-
posed relationships, offers a holistic view of all possible
interactions in the graph. Although computationally more
challenging, its inclusion is valuable for understanding the
cumulative influence of all layers and relationships.

The choice of these five subgraphs allows for a compre-
hensive analysis of different graph configurations, from the
simplest to the most complex, helping to identify the most
impactful relationships and the effects of different layers on
information propagation.

4.2.1 Relationship of graph layers with sentiment
analysis task

The construction of the heterogeneous graph aims to model
the complexity of aspect-based sentiment analysis by using
layers to capture semantic, textual, and structural infor-
mation that provides a detailed representation of the data.
Below, we detail how each layer contributes to this task.

e Target: represents the “review-aspect” pairs, connecting
the other layers and enabling the propagation of semantic
and topological information to identify the sentiment
associated with each aspect.

e Aspect: facilitates the capture of shared semantic
patterns across distinct contexts, allowing the model
to better generalize the sentiment associated with each
aspect. For example, an aspect like “price” may be
evaluated negatively in multiple reviews, and this layer
efficiently aggregates such information.

e Review: helps connect the targets by generating an
overall opinion expressed in the review. It provides

additional context, allowing the model to consider the
general tone and other relevant textual information
when determining the sentiment of a specific aspect.

e BoW: includes frequent n-grams from the reviews, cap-
turing linguistic patterns that may indicate sentiment,
and is used to connect the Targets.

o YAKE!: uses a keyword extraction algorithm to identify
the most relevant terms, helping to identify semantic re-
lationships that are important for connecting the Targets.

When integrated, these layers form a relational structure
that captures the complex nuances of sentiments expressed
in the analyses. The heterogeneous graph integrates data
from different sources and types, such as text, aspects,
and keywords, explicitly modeling their interactions. This
approach allows for better information propagation, which
enables the use of embeddings from these layers in other
tasks, such as information retrieval.

4.3 Generation of the embeddings

We explain the process of generating the embeddings used
for the graph vertices, discuss their dimensions, and discuss
any preprocessing performed on them before they are used
in the experiment.

We will analyze the proposed method using two types of
embeddings: one from a language model and the other from
a Random embedding. The chosen language model is BERT
[40] pre-trained (“bert-base-cased”). The BERT embed-
dings are generated using a sentence pair structure. In other
words, given a review r = (r1,73,...,7s) and an aspect
a = (ay,as,...,ap), we employ a special [CLS] token at
the beginning of the review and include a special [SEP]
token after the review to connect it with the aspect tokens.
Therefore, the input x™* is defined in the Equation 5:

x"% = [CLS],r1,r2,...,rs,[SEP],a1,az, ...,ar, [SEP] (%)

This input format will derive embeddings from BERT for
the entire dataset, encompassing training and test examples.
Since this model has not undergone fine-tuning, there is no
issue in extracting embeddings for test examples.

Each token within the input will have its corresponding
embedding among the embeddings provided by BERT as out-
puts for the input x™*. For our experiments, we will utilize
the embedding of the [CLS] token to represent the input x"¢.

Furthermore, to conduct specific experiments in Section
4.6, we will need to extract additional embeddings from
BERT for each aspect. Since the embedding of the [CLS]
token varies depending on the input used, this implies that
different reviews with the same aspect a will have a different
[CLS] embedding. Therefore, slightly modify the input to
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obtain a unique embedding for each aspect. Equation 6
defines the input used to obtain the aspect embedding. The
[CLS] token embedding will be utilized to represent the
input.

x* = [CLS],a1,az,...,apn, [SEP] (6)

There are several options for generating random embeddings,
with the most straightforward approach being creating one
embedding for each example in the dataset. However, this
approach poses two primary challenges. The first challenge
is that the same review with different aspects could result in
significantly different embeddings, and likewise, for differ-
ent reviews with the same aspect. The second challenge is
that this approach does not allow for creating an embedding
for each aspect that captures similarity with examples in the
dataset sharing that aspect, as explained earlier.

In this article, we have chosen to generate a Random
embedding for each unique review and a separate embed-
ding for each unique aspect in the dataset. Consequently,
we summate the generated embeddings for each (review,
aspect) pair in the dataset.

Regarding the size of the embeddings, we can generate ran-
dom embeddings in any dimension. However, for consistency
and comparability with BERT, we opted for a dimensional-
ity of 768 (“random-768”’), which matches the size used by
BERT. Evaluating embeddings of varying dimensions could
introduce unnecessary complexity and make isolating the
impact of other experimental variables challenging.

An in-depth analysis of Random embeddings plays a
critical role in our study as it allows us to assess the impact
of the graph-based modeling techniques and approaches
employed to enhance these embeddings. In contrast to BERT
embeddings, which are enriched with linguistic knowledge
through training on extensive text corpora, Random embed-
dings start with minimal knowledge. Therefore, we can
gauge the added value of our enhancement strategies by
examining how the graph and our approach can enrich these
embeddings and make them more informative for specific
tasks. This analysis provides crucial insights into the effec-
tiveness of our approach and the substantial contribution
that the graph structure can bring to compensate for the lack
of intrinsic linguistic knowledge in Random embeddings.

4.4 Information propagation strategy

We present the adopted strategy for propagating labels
and embeddings in the graph using the generated embed-
dings in Section 4.3. We describe the algorithm used to
iteratively propagate the vertex information, including the
specific parameters, such as the propagation rate and the
stopping criterion.

@ Springer

As explained in Section 3, our approach consists of
two stages of label propagation. In the first stage, we can
employ any label propagation algorithm already in the lit-
erature. This initial stage aims to disseminate information,
whether an embedding (E1) or a label (L1), to all vertices of
the graph through the labeled vertices. In the second stage
(EL2), we utilize the algorithm proposed in Equation 4,
designed to propagate the embeddings while refining them
based on the labels.

In the initial stage, where the propagation of embeddings
(E1) and labels (L1) is conducted separately, we can
employ distinct parameters and even utilize different label
propagation algorithms as long as all vertices receive
the propagated information. For our experiments, we
have chosen to employ the GNetMine algorithm [30]
for propagating both embeddings (E1) and labels (L1),
albeit with varying hyperparameters. In the case of label
propagation (L1), we will set u’ =1, where the “L”
designates its use in label propagation, thereby assigning
equal significance to all relationship types. Conversely,
for embedding propagation (E1), we will explore the
hyperparameter 1” across a range from 0.1 to 0.9, with
the “E” indicating its role in embedding propagation while
preserving uniform importance for all relationship types.
The reason for not employing ¥ = 1 is that it preserves
the embeddings of labeled vertices unaltered, a result not
aligned with the objectives of our experiments.

In the second stage (EL2), the proposed algorithm features
parameters analogous to GNetMine’s. Therefore, we will
use p” ranging from 0.1 to 0.9, with “P” indicating the
parameter used by the proposed method while maintaining
equal importance for all relationship types. Furthermore,
the proposed method takes the embeddings (E1) and labels
(L1) propagated in the first stage as input. We will use the
labels resulting from propagation (L1) with u” = 1. As for
the propagated embeddings (E1), we have used p” = u”
to simplify and reduce the number of experiments. This
also allows us to analyze the impact of labels during the
propagation of embeddings in the second stage, although, in
practice, ¥ can differ from p”.

We will employ a common stopping criterion of 1000
iterations in both stages and a convergence threshold of
5 x 10~°. These values have been selected based on prior
research findings [53, 59]. While it is recognized that these
hyperparameters can influence the outcome of information
propagation, we have chosen not to analyze their impact.

To perform embedding propagation (El) in the first
stage, we will use the embeddings generated by BERT, as
defined in Equation 5, for the vertices in the Target layer,
both for training and testing. Since all vertices in the Target
layer have embeddings, the second validity criterion for a
subgraph, as defined in Section 4.2, was not applied since all
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Fig. 4 Visualization of the impact of different edges connecting previously unreachable vertices. Higher values are better

vertices in the Target layer have embeddings (analogously
for Random embeddings).

However, for label propagation (L1), we will only use the
training vertices along with the labels provided by the dataset.
In this case, applying the second graph validity criterion was
necessary, as some test vertices may not be reachable. The
similarity calculation between labeled vertices and those
not reached depends on the embedding being propagated in
the stage. This implies that the edges created based on the
BERT embedding may differ from those created using the
Random embedding. Furthermore, this choice will result in
slight variations in the label propagation results depending
on the embedding. We have chosen this approach to ensure
fairness and to simulate the scenario properly where only a
specific embedding is available.

To illustrate the performance difference, we will evaluate
only the classification performance during label propagation
(L1) using p” = 1. Figure 4 illustrates the impact of
establishing connections using BERT and Random
embeddings generated across the various evaluated graphs.
The classification performance using label propagation
(L1) is generally low, as the assessed topologies struggle
to effectively classify the vertices in the Target layer.
However, it is essential to emphasize that the primary
objective of this experiment is not focused on achieving
optimal performance. Instead, the aim is to evaluate the
outcomes when different types of embeddings are employed
to establish connections among the unreached vertices
within the Target layer. Notably, graphs containing the Bag-
of-Words (BoW) layer exhibit identical results for both
embeddings. This is attributed to the fact that these graphs
do not require the creation of edges.

In contrast, connections established based on BERT
embeddings tend to have a more significant impact on
the overall graph performance for the remaining graphs

compared to connections created using Random embed-
dings. However, in one particular instance, the performance
of connections established by Random embeddings slightly
surpasses those based on BERT embeddings.

4.5 Sentiment analysis

We have now completed the graph preparation, generated
the embeddings, and selected the label propagation algo-
rithms as discussed in the previous sections. We are ready to
assess the performance of our approach in the aspect-based
sentiment analysis task. We aim to measure how effectively
the embedding refined by the proposed approach performs
compared to the Strong Baseline model. It is essential to
emphasize that our objective is not necessarily to surpass
the Strong Baseline but to maintain a competitive perfor-
mance. This is one way to evaluate the embedding quality
produced by our proposal.

As the Strong Baseline method, we will perform fine-tun-
ing of the BERT model®, using the sentence pair approach,
as described in Equation 5, with a learning rate of 5 x 1075,
We chose BERT as the Strong Baseline method due to its
widespread adoption and remarkable performance in natural
language processing tasks. Furthermore, the initial embed-
ding we are refining was derived from the pre-trained BERT
itself, making it an appropriate benchmark to assess the
impact of our refinement approach. This choice allows us to
demonstrate the effectiveness of our technique and compare
it with a well-established state-of-the-art method in aspect-
based sentiment analysis.

We have chosen the F1-Macro to evaluate performance.
This metric was selected due to the class imbalance in the

3 “pert-base-cased”
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datasets, where accuracy alone does not accurately reflect
the results.

However, before we can compare the resulting embed-
ding from our approach, we need to define which algorithm
and hyperparameters we will use. Since the embedding is a
numerical vector, a wide range of algorithms are available,
ranging from classical ones like K-NN and SVM to more
advanced techniques like GCN, GAT, and GNN. Although
various algorithms could potentially be applied to evaluate
the embeddings resulting from our approach, evaluating all
these classifiers becomes computationally infeasible. There-
fore, we chose to focus on a Multi-Layer Perceptron (MLP)
for our experiments.

The selection of MLP is justified for several reasons.
MLPs have shown versatility and adaptability in various
machine learning tasks, making them a suitable choice for
exploring the effectiveness of our refined embeddings. Addi-
tionally, MLPs can capture complex non-linear relationships
in data, which may be advantageous in modeling the refined
embeddings. Moreover, the choice of MLP aligns with the
fact that BERT employs an MLP architecture, making it a
relevant choice for evaluating our refined embeddings.

For this task, we will employ a MLP using the follow-
ing hyperparameters: a learning rate of 0.001, the Adam
optimizer, a maximum of 10,000 training epochs, and early
stopping. Our primary focus will be evaluating the hidden
layer’s size and its impact on learning. We will keep all
other hyperparameters at their default values as provided by
the sci-kit library.

We assessed various configurations for the number of
neurons in the hidden layer, specifically 100, 128, 256, 512,
and 768. Each of these neural network architectures was
trained with ten different random seeds to mitigate the effects
of random weight initialization. For reference, we will denote
a neural network as NN %) where s represents the seed
and K indicates the size of the hidden layer in the classifier.

In contrast to BERT, our experiments do not employ an
MLP without hidden neurons. The critical distinction is
that our approach aggregates information from the graph in
the embedding. Consequently, we require a classifier with
higher generalization capabilities. This broader generaliza-
tion is essential because our embeddings undergo refine-
ment with a wider focus. It enables our classifier to learn
from the improved embeddings effectively, making them
applicable to various tasks.

While we have chosen five classifiers for evaluation, it
is challenging to examine their performance thoroughly, as
we are dealing with numerous parameters for embedding
refinement, resulting in various potential scenarios. Our
analysis primarily focuses on identifying a classifier that
demonstrates adequate generalization power and can reflect
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variations resulting from different configurations of embed-
ding refinement parameters. We are not seeking the classi-
fier with the best performance in a specific set of refinement
parameters but rather the one that enables a more robust
analysis of variations.

The following subsections will explore the results
obtained through two approaches. Section 4.5.1 will be a
statistical analysis using the Multiple Comparison Matrix
tool. This evaluation will provide us with a broad and
overall view of the results we achieved. Section 4.5.2 will
delve deeper into our analysis with a detailed comparison
of the results, examining each step that constitutes our
approach.

4.5.1 Statistical analysis and classifiers performance

We will utilize the Multiple Comparison Matrix (MCM)
introduced by Ismail-Fawaz et al. [60] to facilitate our
analyses. This approach offers a unique perspective on sta-
tistical results without introducing new measures or evalua-
tion metrics. Instead, it provides an alternative visualization
method to address well-known challenges in ranking-based
statistical analysis. The MCM enables us to compare each
pair of evaluated objects, typically classifiers, across dif-
ferent datasets/tasks 7' and conduct statistical analyses
on these pairs, ensuring a more equitable comparison and
avoiding common issues associated with ranking-based
approaches across all objects A. Furthermore, it maintains
the consistency of statistical comparisons even when adding
or removing objects A.

Understanding their layout and the information they con-
tain is essential to facilitating the interpretation of the sta-
tistical heatmaps presented in the MCM. Each heatmap has
dimensions of m x m, where “m” represents the number of
objects A being evaluated.

On the outer part of the heatmap are the names of each
evaluated object A, with the average F1-Macro metric cor-
responding to that object A; listed below it. Rows and col-
umns in the heatmap are arranged based on these averages
so that objects with higher F1-Macro averages are located
to the left on the X-axis and closer to the top on the Y-axis,
making it easier to identify the best-performing objects
visually.

Comparison within the heatmap is conducted between
the object A; in the row and the object in the column A;,
denoted by MCMy,, A Each cell of the heatmap is com-
prised of three values. The first value is the difference
between the average F1-Macro metric of the row A; and the
average F1-Macro metric of the column A;. This difference
determines the color of the cell in the heatmap and provides
a visual representation of performance differences.
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The second value in the cell is in the format “win/tie/
lose” and indicates how many times the row object achieved
a higher score than the column object, how many times there
was a tie, and how many times the row object had a lower
score than the column object.

Lastly, the third value in the cell is the p-value derived
from the Wilcoxon Signed Rank Test [61]. If the p-value is
less than 0.05, this indicates a statistically significant dif-
ference between the evaluated objects. In such cases, the
values in the cell will be displayed in bold and underlined to
emphasize the statistical difference.

These details enable a comprehensive analysis of com-
parisons among different objects A, allowing us to iden-
tify which exhibit statistically significant performance
differences. Our initial evaluation focuses on classifiers
NN applied to tasks T'= Ep p .. As defined previ-
ously, a classifier is represented by NN ) However,
for this analysis, we modify by incorporating the seed s as
part of T, resulting in T'= Ep pq,, x NN&K) while
A= NN We have opted not to aggregate the results
across different seeds within F because specific algorithms
display significant standard deviations for a given E.

Figures 5 and 6 present the MCM for classifiers
trained with BERT embeddings and Random embeddings,
respectively. It is noticeable that in both cases, MLP(768)
achieved the highest average F1-Macro score. In the
scenario of Random embeddings, as the number of neurons
increases, the average also increases. This trend is also
consistent when considering BERT embeddings, except for
MLP(256), which lags behind MLP(128); the others exhibit
improvements. Regarding the comparison between BERT
embeddings, there is no statistically significant difference
among MLP(768), MLP(512), and MLP(128). However,
considering that MLP(768) achieved the highest average
score across both embeddings, it learned the task effectively
through the different embeddings it was trained on.

The next MCM analysis will focus on p, which, as men-
tioned in Section 4.4, indicates the extent to which the orig-
inal information (in this case, the embedding) is retained
in the labeled vertex set. In these figures, A = u, while
T=FEppg X NNGE)  This analysis examines how p
behaves across different datasets. Figure 7 illustrates the
MCM for p with BERT embeddings, while Figure 8 depicts
the results for Random embeddings.

The optimal p value is 0.3 for BERT embeddings, whereas
for Random embeddings, it is 0.4. Furthermore, there is no
statistically significant difference between the pairs (0.3,
0.2) and (0.4, 0.3) for BERT and Random embeddings.
These results indicate that setting 1 too high or too low can
potentially hinder performance. In general, maintaining

between 30% and 40% of the original information while
letting the graph determine the remainder appears to
be a suitable range. These are general statistics based on
evaluating two datasets, both stages of the proposal, five
classifiers, and various graphs. This analysis provides
insights into how variations in this parameter can impact
classifier performance.

Finally, let us analyze the overall performance of the
graphs. Figures 9 and 10 display the MCM matrices. The
first observation in Figure 10 is that depending on the
parameters used to refine the embedding, the same classi-
fier with the same seed can exhibit identical performance
across different graph topologies. For instance, in the case
of A&R+BoW and A&R+Yake, there are 111 ties in perfor-
mance. This phenomenon also occurs in Figure 9, albeit on
a smaller scale and among topologies that share at least one
set of edges or layers.

Furthermore, in most cases, the average performance dif-
ference between the graphs was less than 1%, indicating that
despite the statistical differences between some topologies, the
overall results remained quite close. Lastly, it is worth high-
lighting that in the case of BERT embeddings, A&R+BoW,
despite having a slightly higher average F1-Macro score than
A&R+BoW+Yake, had more losses than wins. This suggests
that the A&R+BoW+Yake topology is more stable despite
the other having a slightly better score. A&R+BoW has some
performance peaks that elevated its average score.

4.5.2 Detailed comparison of results and approach analysis

Moving on to a more detailed performance analysis, we will
now select the best (v') and worst (X) results obtained from
all possible combinations of parameters and hyperparam-
eters. Unlike the previous statistical analyses, where we did
not average over different seeds for the same classifier, we
will perform averaging in this analysis. This results in 450
results for each pair of embeddings and datasets. For each
dataset and embedding, we selected the classifier NN, i, and
graph G that address the questions based on the F1-Macro
metric, as described below:

e What is the best and worst result obtained by stage E1?
Ilustrated in Table 4 as “X E1” and “v' E1”, respectively.

e What is the best and worst result obtained by stage
EL2? Illustrated in Table 4 as “X EL2” and “v EL2”,
respectively.

e What result is obtained when we combine the best NV
(Figs. 5 and 6), i (Figs. 7 and 8), and G (Figs. 9 and 10)?
Illustrated in Table 4 as “v Statistical”.

e What result is obtained when we combine the worst NN
(Figs. 5 and 6), 11 (Figs. 7 and 8), and G (Figs. 9 and 10)?
Ilustrated in Table 4 as “X Statistical”.
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MLP(768)

Fig.5 MCM for Classifiers with

MLP(512)

MLP(128) MLP(256) MLP(100)

BERT embeddings 0.6469 0.6458 0.6436 0.6414 0.6393
0.0033 0.0055 0.0076
900 /0 /900 979/0/821 960 /0 /840 0,006
0.1587 0.0000 0.0000
4 0.004
MLP(12) 0.0011 0.0043 0.0064
ooy 880707920 982/0/818 977/0/823
0.2686 0.0000 0.0000 0.002
-0.0033 -0.0022 0.0042
MLP(128 -
0(643é 900 /0 /900 893 /0/907 923/4/873 0
: 0.1587 0.5268 0.0108
MLP@ss) 0055 -0.0043 -0.0021 -=0.002
ooaty 82L10/979 818/0/982 824/0/976
' 0.0000 0.0000 0.0000 -~0.004
-0.0076 -0.0064 -0.0042 -0.0021
MLE%;S; 840/0/960 823/0/977 873/4/923 930/0 /870 ~—0.006
: 0.0000 0.0000 0.0108 0.1277
Fig.6 MCM for Classifiers with MLP(768) MLP(512) MLP(256) MLP(128) MLP(100)
Random embeddings 0.3676 0.3524 0.3483 0.3401 0.3326
0.0152 0.0193 0.0276 0.0350
1108/26/666  1126/27/647  1182/26/592  1273/39/488 0.03
0.0000 0.0000 0.0000 0.0000
0.0152 0.0198 002
MLP(512 = :
0(5’522 666 /26 /1108 1117 /56 / 627
: 0.0000 0.0000 0.01
-0.0193 -0.0041 0.0157
MLP(256
0(3 48; 647/27/1126  844/43/913 1057 /97 / 646
: 0.0000 0.0022 0.0000
MLP(128) -0.0276 -0.0124 -0.0082 --0.01
oaaoi 592/26/1182  787/67/946 780 /89 /931
: 0.0000 0.0000 0.0000
--0.02
MLP(100) -0.0350 -0.0198 -0.0157 -0.0074
oo 488/39/1273  627/56/1117  646/97/1057  728/147/925 | o003
: 0.0000 0.0000 0.0000 0.0000

It is worth noting that the “X E1”, “v/ E1”, “X EL2” and “vV/
EL2” values of NN, p, and G change depending on the data-
set and embedding. While “v Statistical” and “X Statistical”
change depending on the embedding only.

Figures 11 and 12 provide the results obtained for the
Laptops and Restaurants datasets. These results were gener-
ated using the models and parameters outlined in Table 4.
Each figure contains bars representing different stages: the
bars without marks represent the first stage (E1), while the
bars with marks represent the second stage (EL2). Having
both stages displayed for each configuration enables us to
compare how the same parameters perform in both stages
and draw meaningful conclusions.

As mentioned, our reference point is the fine-tuned
BERT model (“bert-base-cased”). Within these figures, you

@ Springer

will notice three lines representing distinct performance
metrics. The top line indicates the best results achieved, the
bottom line illustrates the worst results and the middle line
showcases the average performance across ten runs. This
approach helps us comprehend the overall performance
range for each configuration.

For the Random embeddings (“random-768”"), we trained
MLP models using the unrefined Random embeddings. As
some items in Table 4 involve various MLP topologies (items
7-12 and 19-24), we computed the baseline results based on
five selected MLP topologies. These baselines were trained
using the same ten random seeds as our other experiments.

Consequently, the top line represents the best perfor-
mance achieved among the 50 classifiers trained for base-
line purposes, while the bottom line indicates the worst
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0.3 0.2 0.4 0.5 0.6
0.6435

0.6492 0.6488 0.6467 0.6449

0.7 0.8 0.9 0.1
0.6429 0.6406 0.6385 0.6356

0.0063

0.0085

0.0107

0.0136

610/0/390 637/0/363 652/0/348 586/0/414
0.0000 0.0000 0.0000

0.0000

0.0059 0.0104 0.0133 0.01
602/0/398 614/0/386 635/0/365 584/0/416

0.0000 0.0000 0.0000 0.0000

0.0082

04 -0.0025 -0.0022 0.0061 0.0082 0.0111
0646;747/0/543 458 /0 /542 591/0/409 623/0/377 551/0/449
’ 0.0009 0.0042 0.0000 0.0000 0.0038
0.005
05 -0.0043 -0.0040 -0.0018 0.0064 0.0093
0644‘;9 419/0/581 412/0/588 471/1/528 609/0/391 511/0/489
’ 0.0000 0.0000 0.0120 0.0000 0.3553
06 -0.0057 -0.0053 -0.0032 -0.0014 0.0079
0643;533/0/607 412/0/588 442/0/558 475/0/525 494/0/ 506 0
’ 0.0000 0.0000 0.0000 0.0484 0.3541
0.7 -0.0063 -0.0059 -0.0038 -0.0020 0.0073
0642'9M 398/0/602 428/0/572 453/0/547 484/0/516
' 0.0000 0.0000 0.0000 0.0020 0.1589
--0.005
8 -0.0085 -0.0082 -0.0061 -0.0043 -0.0029 -0.0023
06466 363/0/637 386/0/614 409/0/591 427/0/573 452/0/548 463/0/537
’ 0.0000 0.0000 0.0000 0.0000 0.0005 0.0014
0.9 -0.0107 -0.0104 -0.0082 -0.0064 -0.0050 -0.0044 -0.0021
063{;5 348/0/652 365/0/635 377/0/623 391/0/609 408/0/592 425/0/575 468/1 /531
’ 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0061 --0.01
01 -0.0136 -0.0133 -0.0111 -0.0093 -0.0079 -0.0073 -0.0051 -0.0029
0635;6 414/0/586 416/0/584 449/0/551 489/0/511 506/0/494 516/0/484 536/0/464 569/0/431
’ 0.0000 0.0000 0.0038 0.3553 0.3541 0.1589 0.0025 0.0000

Fig.7 MCM for p with BERT embeddings

performance. The middle line represents the average perfor-
mance across all 50 classifiers, providing a comprehensive
view of the baseline results.

Figure 11 shows that the worst statistical result (X Statis-
tical [ID: 1]) is slightly above the line, indicating the low-
est value in the Strong Baseline. This suggests that even
though this combination is not the best, it remains competi-
tive. Except for X E1 (ID: 3), all other worst scenarios (X
odd IDs) illustrated in this figure are associated with MLPs
with a small number of neurons. However, this does not
necessarily mean that this configuration is entirely wrong,
as it tends to perform well using the same setup in the other
stage. This is evident when comparing X E1 and v E1 (ID:
4), which is the only case where the worst and best results
differ due to using a different .

In Figure 12, we can observe that, unlike the Laptops
dataset, the model failed to learn and predict all instances
belonging to the majority class in the worst scenarios with
Random embeddings. This phenomenon also occurred
in the experiment labeled X EL2 (ID: 17), which stands
out as the worst result among all experiments involving
BERT embeddings. Furthermore, all these scenarios share
the characteristic of ¢ = 0.1 and an MLP with few neu-
rons. Additionally, a marked bar indicates the EL2 stage
in all four cases, meaning a second refinement was per-
formed on an already refined embedding. These factors,
particularly within the context of this dataset, contributed
to the classifier’s poor performance. It is worth noting that
class imbalance is even more pronounced in this dataset
compared to the Laptops dataset, as illustrated in Table 1.
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0.4 0.5 0.6 0.3 0.7 0.9 0.8 0.2
0.3593 0.3570 0.3539 0.3525 0.3499 0.3396

0.0197

507 /51 /442

0.0000

0.0174
532/34/434
0.0000

0.1

0.0398
642 /49 /309
0.0000

0.0375
0.0000

-0.0197 -0.0174 -0.0143 -0.0129 -0.0122 -0.0109 -0.0103
434/34/532 474/19/507 425/102/473 476/14/510 466/3/531 /917527

0.0007

01 -0.0398 -0.0375 -0.0343 -0.0329 -0.0322 -0.0309 -0.0304
0 319'5 309/49/642 313/32/655 332/19/649 313/95/592 333/17/650 334/7/659 313/12/675

: 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000

Fig.8 MCM for ¢ with Random embeddings

A&R+Yake A&R+BoW A&R+BoW+Yake All Relations

0.6462 0.6456 0.6450 0.6413

0.0049
953/1/846
0.0022

0.0043
931/0/869
0.0526

0.0037
959/6/835
0.0004

All Relat -0.0049 -0.0043 -0.0037
Reo"i‘gzi‘; 846 /1/953 869/0/931 835/6/959
0.0022 0.0526 0.0004
AR -0.0073 -0.0068 -0.0062 -0.0024
ogape  652/0/1148 689 /0/ 1111 676/0/1124 758/0/1042
0.0000 0.0000 0.0000 0.0000

Fig. 9 MCM for p with BERT embeddings
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0.3548
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Fig. 10 MCM for 1 with Random embeddings

A&R+BoW+Yake All Relations

0.3456 0.3351

0.0096 0.0201

977 /115/708 1126 /115 / 559

0.0000 0.0000

0.0092 0.0197

990/80/730 1141/83 /576

0.0000 0.0000

0.0153
1065/121/614
0.0000

0.0105

- 992 /150 / 658
0.0000
-0.0105
658 /150 / 992 -
0.0000

0.02

0.015

0.01

--0.01

--0.015
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Table4 Details of settings chosen for detailed analysis. The “Details” column indicates whether it was chosen because it was the best (v') or worst
(X) F1-Macro average

ID Dataset Embedding Classifier ” Graph Details

1 Laptops bert MLP(100) 0.1 A&R X Statistical
2 Laptops bert MLP(768) 0.3 A&R+Yake v Statistical
3 Laptops bert MLP(768) 0.7 A&R+BoW XE1

4 Laptops bert MLP(768) 0.1 A&R+BoW v El

5 Laptops bert MLP(128) 0.1 All Relations X EL2

6 Laptops bert MLP(768) 0.3 A&R+BoW v EL2

7 Laptops random MLP(100) 0.1 All Relations X Statistical
8 Laptops random MLP(768) 0.4 A&R+BoW v Statistical
9 Laptops random MLP(100) 0.6 A&R+BoW XEl

10 Laptops random MLP(768) 0.8 A&R v El

11 Laptops random MLP(128) 0.1 All Relations X EL2

12 Laptops random MLP(768) 0.2 A&R+BoW v EL2

13 Restaurants bert MLP(100) 0.1 A&R X Statistical
14 Restaurants bert MLP(768) 0.3 A&R+Yake v Statistical
15 Restaurants bert MLP(256) 0.2 A&R+BoW XEI

16 Restaurants bert MLP(768) 0.8 A&R v El

17 Restaurants bert MLP(100) 0.1 All Relations X EL2

18 Restaurants bert MLP(512) 0.3 All Relations v EL2

19 Restaurants random MLP(100) 0.1 All Relations X Statistical
20 Restaurants random MLP(768) 0.4 A&R+BoW v Statistical
21 Restaurants random MLP(100) 0.1 A&R+Yake XEl

22 Restaurants random MLP(768) 0.3 A&R v El

23 Restaurants random MLP(100) 0.1 A&R X EL2

24 Restaurants random MLP(256) 0.3 A&R+BoW v EL2

Hence, this occurrence was more frequent in this dataset.
Conversely, when examining the best results overall, most
are above the line representing the mean (Baseline/Strong

Baseline), with some coming close to the line indicating
the best result (Baseline/Strong Baseline). In contrast, for
Random embeddings, the best results surpass the baseline.
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Fig. 11 Results obtained for the dataset Laptop. The x-axis (ID) indicates the item in Table 4. The error bars illustrate the standard deviation
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Fig. 12 Results obtained for the dataset Restaurants. The x-axis (ID) indicates the item in Table 4. The error bars illustrate the standard deviation
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All the experiments presented in this section demon-
strate that it is possible to refine embeddings using the
proposed approach while remaining competitive with the
Strong Baseline/Baseline. Although computational cost has
not been explored, it is common for label propagation to
be faster than fine-tuning a language model. Additionally,
in the case of huge graphs, graph sampling is feasible, as
described by Santos et al. [59]. Another advantage is that,
after applying our proposed approach, all vertices have
embeddings, enabling their use in other tasks. We will delve
into this aspect in Section 4.6.

4.6 Embedding analysis

In the previous section, we evaluated the embeddings in the
target task and compared them to a language model. This
section will qualitatively analyze the embeddings and uti-
lize other vertices from the heterogencous graph to illustrate
potential applications.

This analysis aims to demonstrate that the embeddings
have captured not only semantic information but also the
graph’s structure. We will perform queries involving algebraic
operations with embeddings of specific vertices to achieve
this. Using the resulting embedding, we will identify the ten
most similar vertices between the Aspect and Yake layers.

We will use the “A&R+Yake” subgraph and p = 0.3,
which yielded the best statistical results with BERT, as shown
in Table 4. Additionally, we will assess Random embeddings,
in this case using ¢ = 0.4, which resulted in the best statistical
performance. However, we will maintain the subgraph
“A&R+Yake” to ensure the presence of the Yake layer.

For comparison purposes, we will use BERT without
fine-tuning as the baseline, and BERT fine-tuned at the
optimal epoch for each dataset as the Strong Baseline. To
do this, we will generate embeddings (Section 4.4) for
each of these models based on Equation 6 for both aspects
and Yake keywords.

Two types of queries were conducted: the first involved
adding the embeddings of two vertices, and the second
sum the embeddings of two vertices and subtracting using
embedding another vertex.

A heatmap was created to illustrate the results and display
the retrieved vertices. Each cell in the heatmap consists of two
values: the first indicates the retrieved vertex in the format
“vertex name [layer]”, and the second indicates the pertinence
of sentiments normalized through “sum normalization”. The
format displayed in the figure is “negative/neutral/positive”.

The color represents the weighted average of sentiments,
based on Equation 7, which calculates the weighted average
for a given vertex o;. In this context, the closer the color is
to 1, the more it indicates a positive sentiment; the closer it

is to 0 indicates a neutral sentiment, and finally, the closer it
is to -1 indicates a negative sentiment.

M=-1x Lo,,negative +0x Eo,,neutral +1x Eo,,positive (7)

The sentiment for each vertex is derived from the label
propagation performed in Section 4.4, for the “A&R+Yake”
subgraph using BERT (results illustrated in Fig. 4). Further-
more, we used the same sentiment source for all retrieved
vertices in the figure, regardless of which embedding recov-
ered each vertex.

The results for the Laptops dataset are illustrated in Fig-
ures 13 and 14, while the results for the Restaurants data-
set are shown in Figures 15 and 16. It is noticeable that,
overall, both the baseline and the Strong Baseline mod-
els provided vertices representing synonyms and words
in the same context, as expected from language models.
In contrast, our approach yielded a wider variety of ver-
tices, many related to the quality of service or the item
used for the query. This becomes more evident, especially
in the Restaurants dataset; for example, in Figure 15, the
query involves “service” and “staff”, and upon analyz-
ing the retrieved vertices, we find phrases like “extremely
friendly”, “excellent service”, and “staff is friendly”,
which are characteristics of the staff and the service qual-
ity of the establishment.

These results demonstrate that the embeddings have also
captured the topology of the heterogeneous graph and incor-
porated other contexts, not just semantically similar vertices.
This characteristic allows these embeddings to be utilized in
various tasks, simultaneously serving in NLP tasks such as
aspect-based sentiment analysis.

5 Conclusion

This article explored the importance of embeddings
in heterogeneous graphs and the challenges that arise
due to the inherent diversity of these graphs, which can
contain various vertex and edge types. Throughout the
work, we discussed how these vector representations
are used for various applications, from classification to
recommendation and similarity search. Additionally, we
highlighted the relevance of language model embeddings,
such as BERT, in this context, leveraging their ability
to capture semantic and contextual information in text
associated with vertices. This work proposed an approach
that combines label propagation techniques with language
models to enhance embeddings in heterogeneous graphs,
focusing on the quality of wvector representations,
considering both the graph’s structure and the semantic
richness of textual data and task class information.
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Our (random-768)

Pro [yake] graphics cards [yake]
0.188/0.188/0.624 0.257/0.000 / 0.743

Baseline (bert-base-cased) Our (bert-base-cased) Topline (bert-base-cased)

graphics card [yake] graphics cards [yake]
0.251/0.024 /0.726 0.257 /0.000 / 0.743

graphics cards [yake] MacBook Pro [yake] cards [yake] graphics [yake]
0.257/0.000/0.743 0.173/0.196 / 0.631 0.237/0.000/0.763 0.157/0.016 / 0.827

cards [yake] great [yake] graphics [aspect]
0.237 /0.000 / 0.763 0.148/0.023 / 0.829 0.125/0.062 /0.813

network and printers [yake] MBP [yake] presentation [aspect]
0.000 / 0.000 / 1.000 0.018/0.015/ 0.967 0.188/0.057 / 0.755

trackpad make [yake] Macbook [yake]
0.000 / 0.000 / 1.000 0.155/0.001 / 0.844

product [yake]
0.189/0.035/0.776

laptop [yake]
0.463/0.087 / 0.450

memory card [yake]
0.000 / 1.000 / 0.000

hardware [yake] great [yake] MacBook Pro [yake] --05
0.006 / 0.986 / 0.008 0.148 /0.023 / 0.829 0.173/0.196 / 0.631

computer [yake] use [aspect]
0.541/0.118 /0.341 0.056/0.019/ 0.925

Pro [yake] Support [yake]
0.188/0.188/0.624 0.585/0.410/ 0.004

hardware [aspect]
0.748 /0.249 / 0.004

Fig. 13 Results obtained for the Laptops dataset using the query “graphics cards [aspect] + quality [aspect]”. The order of vertices in the column
indicates the similarity between the vertex embedding and the query. The word in brackets indicates the layer of vertex that was retrieved
Baseline (bert-base-cased) Our (bert-base-cased) Our (random-768) Topline (bert-base-cased)
graphics cards [yake] graphics cards [yake] graphics cards [yake] graphics cards [yake]
0.257 / 0.000 / 0.743 0.257 /0.000 / 0.743 0.257/0.000 / 0.743 0.257/0.000/0.743

cards [yake] cards [yake] graphics card [yake]
0.237/0.000/0.763 0.237/0.000/0.763 0.251/0.024/0.726

Pro line [yake]
0.667 /0.000 / 0.333

graphics card [yake] dual graphics cards [yake]
0.251/0.024 / 0.726 0.667 /0.000/ 0.333

dual graphics cards [yake] processor and dual [yake] dual graphics [yake] graphics chip [aspect]
0.667 /0.000 / 0.333 0.667 /0.000 / 0.333 0.667 /0.000 / 0.333 0.000/ 0.000 / 1.000
graphics and clarity [yake] achieve a longer [yake] dual graphics cards [yake] graphics chip [yake]
0.000 / 0.000 / 1.000 0.667 /0.000 / 0.333 0.667 / 0.000 / 0.333 0.000 / 0.000 / 1.000
gadgets [aspect] dual graphics [yake] achieve a longer [yake] graphics editing [aspect]
0.000 / 1.000 / 0.000 0.667 /0.000 / 0.333 0.667 /0.000 / 0.333 0.000 / 1.000 / 0.000
hardware drivers [yake] Pro line [yake] processor and dual [yake] graphics editing [yake]
1.000 / 0.000 / 0.000 0.667 /0.000 / 0.333 0.667 / 0.000 / 0.333 0.000 / 1.000 / 0.000

MacBook Pro line [yake]
0.667 /0.000 / 0.333

MacBook Pro line [yake] Computer works [yake] --05
0.667 /0.000 / 0.333 0.000 /0.000 / 1.000

programming software [yake] Intel [yake] high quality [yake] screen graphics [aspect]
0.000/0.333/0.667 0.367 /0.367 / 0.267 0.000 /0.000 / 1.000 0.000 /0.000 / 1.000

desktop icons [aspect] recommend this laptop [yake] screen graphics [yake]
1.000/0.000 / 0.000 0.000 / 0.000 / 1.000 0.000 / 0.000 / 1.000

Fig. 14 Results obtained for the Laptops dataset using the query embedding and the query. The word in brackets indicates the layer of
“graphics cards [aspect] + quality [aspect] - price [aspect]”. The order vertex that was retrieved
of vertices in the column indicates the similarity between the vertex
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Baseline (bert-base-cased)

Service [aspect]
0.185/0.074 / 0.740

service staff [yake]
0.500 / 0.000 / 0.500

service staff [aspect]
1.000/ 0.000 / 0.000

employees [aspect]
0.666 /0.000 / 0.334

employees [yake]
0.611/0.004 / 0.385

service to deliver [yake]

1.000 / 0.000 / 0.000

service featuring [yake]

0.000/0.000/1.000

friendly [yake]
0.085/0.002/0.913

attentive [yake]
0.001 /0.001 / 0.998

extremely friendly [yake]

0.132/0.174 / 0.694

food and service [yake]

0.569 /0.085 / 0.347

excellent service [yake]

0.060 /0.003 /0.937

staff is friendly [yake]

0.002 /0.001 /0.997

Our (bert-base-cased)

Our (random-768)
friendly [yake]
0.085/0.002/0.913

attentive [yake]
0.001/0.001 / 0.998

friendly service [yake]
0.003 /0.001 / 0.996

great service [yake]
0.063 /0.001 / 0.936

excellent service [yake]

0.060/0.003 / 0.937

excellent [yake]
0.041/0.096 / 0.864

great [yake]
0.174/0.083/0.743

Topline (bert-base-cased)

service staff [yake]

0.500 /0.000 / 0.500

service staff [aspect]
1.000 /7 0.000 / 0.000

Service [aspect]
0.185/0.074 / 0.740

waiters [yake]
0.060/0.027 / 0.913

waiters [aspect]
0.221/0.110/ 0.669

staff memebers [aspect]

0.003 /0.151 / 0.846

staff memebers [yake]

0.003 /0.151 /0.846

Fig. 15 Results obtained for the Restaurants dataset using the query “service [aspect] + staff [aspect]”. The order of vertices in the column indicates
the similarity between the vertex embedding and the query. The word in brackets indicates the type of layer that was retrieved

Baseline (bert-base-cased) Our (bert-base-cased) Our (random-768)

service was excellent [yake]

Topline (bert-base-cased)

foods [aspect]
0.500 / 0.000 / 0.500

meat [aspect]
0.333/0.333/0.333

soup [aspect]
0.248 /0.003 / 0.749

beef [yake]
0.071/0.000/0.929

good [yake]
0.094 /0.034 / 0.871

great [yake]
0.174/0.083/0.743

cheap [yake]
0.149/0.052 /0.799

great food [yake]
0.074/0.075/0.851

delicious [yake]
0.043/0.112/ 0.845

excellent [yake]
0.041 /0.096 / 0.864

good food [yake]
0.003/0.158 / 0.839

fantastic [yake]
0.034 /0.035 /0.932

0.000/0.000/1.000

food was great [yake]
0.003/0.007 / 0.990

service and food [yake]
0.034/0.014 / 0.952

Washington [yake]
0.022/0.010/0.968

love the food [yake]
0.015/0.008 / 0.977

outstanding [yake]
0.010/0.003 / 0.988

service is quick [yake]
0.017/0.011/0.973

great food [yake]
0.074/0.075/0.851

fair [yake]
0.015/0.010/0.976

Food [aspect]
0.001/0.383/0.615

dessert [yake]
0.605/0.192/0.203

pizza [yake]
0.056/0.119/0.825

pizza [aspect]
0.162 /0.093 / 0.744

wine [yake]
0.064 /0.333/0.603

wine [aspect]
0.084/0.290 / 0.626

Fig. 16 Results obtained for the Restaurants dataset using the query “food [aspect] + service [aspect] - staff [aspect]”. The order of vertices in the
column indicates the similarity between the vertex embedding and the query. The word in brackets indicates the layer of vertex that was retrieved
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We conducted a comparative analysis between the pro-
posed approach and fine-tuned BERT on an aspect-based
sentiment analysis task. The results were promising, as our
method showed competitive results, approaching the aver-
age performance of the language model and, in some cases,
even slightly outperforming it. This highlights the effective-
ness of our approach in enhancing vector representations in
heterogeneous graphs, especially when applied to complex
aspect-based sentiment analysis tasks.

Furthermore, this article also explored some possibilities
for applying the embeddings of auxiliary vertices, high-
lighting one of the key differences between our approach
and the exclusive use of a language model. This versatility
underscores the potential of the embeddings generated by
our method in different contexts and applications, expand-
ing their usefulness in various data analysis and natural lan-
guage processing scenarios.

In other words, our approach fine-tuned the initial
embeddings through the heterogeneous graph while
propagating this information throughout the graph. This
process allows all vertices in the graph to have an embedding
that represents the graph’s structure and the contextual
knowledge from the language model’s embedding. Another
advantage of the proposed approach is its lightweight
nature, enabling it to run on CPUs, while many language
models require GPUs. It is worth noting that although this
approach has been evaluated in the transductive scenario, it
can also be applied to the inductive scenario. To do so, add
the new vertices to the graph and continue training for these
vertices or the entire graph.

Section 3 of this article presented an approach divided
into two main stages: (1) the initial generation of embed-
dings (Section 3.1) and labels (Section 3.2) for all graph
vertices and (2) the refinement of these vector representa-
tions through label propagation within a regularization
framework (Section 3.3). Sections 3.1 and 3.2 suggest
alternative methods for embedding generation, label assign-
ment, and propagation strategies. Based on this, future work
could investigate variations in the initial embedding tech-
niques, experiment with different propagation algorithms,
and explore diverse heterogeneous graph architectures. Fur-
thermore, regarding hyperparameter selection, future stud-
ies may use the values from the “v/ Statistical” configuration
listed in Table 4 as a starting point since this setup proved
consistent and may serve as a helpful baseline for other
datasets and graph structures.

One of the limitations of the current approach is related
to the stopping condition during the propagation of embed-
dings. Our method currently uses convergence, which checks
how much the embeddings have changed from one itera-
tion to another. If this difference is smaller than a threshold,
the algorithm stops propagation. While we have achieved

@ Springer

good results with this approach, it does not guarantee that
we have extracted the maximum potential, as performing
many iterations can make the vertex embeddings very close
together, which may not be ideal depending on the use of
these embeddings. Therefore, future work includes search-
ing for a better way to stop the propagation of embeddings.

Finally, other directions for future work include explor-
ing the embeddings generated by the proposed method in
other scenarios, such as recommendation systems, com-
munity detection, and link prediction. Testing the proposed
method in an inductive scenario, evaluating how to deal
with new vertices and edges after the propagation of embed-
dings has finished.

Beyond the specific contributions described above,
this work will also serve other researchers who study
heterogeneous graphs. By integrating label propagation
with language model embeddings, our approach provides
a lightweight and versatile framework that can be used as
a baseline for exploring new architectures, propagation
strategies, and embedding techniques. This combination
bridges structural and semantic information, which is a
central challenge in heterogeneous graphresearch. Moreover,
the integration of language models and word embeddings
opens new frontiers for learning with heterogeneous
networks, since future studies may exploit large language
models not only to enrich vertex embeddings, but also to
generate pseudolabels and even refine graph connectivity by
suggesting new edges. We expect that future studies build
upon this idea to design more efficient, interpretable, and
domain-adapted methods, thereby advancing the broader
field of heterogeneous graph representation learning.
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