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ABSTRACT — Graph Neural Networks (GNNs) have demonstrated outstanding potential in various natural language
processing (NLP) tasks; however, their application to Vietnamese sentiment analysis remains relatively underexplored. This
study evaluates the effectiveness of several GNN-based models - including TextGCN, HGAT, BertGCN, and GraphSAGE - in
analyzing sentiments in Vietnamese textual data. Experiments were conducted on two benchmark Vietnamese sentiment
datasets, UIT-VSFC and Foody. The empirical results compare the performance of GNN models with both traditional machine
learning approaches and representative deep learning architectures. Key performance metrics such as accuracy and F1-
score were analyzed to highlight the strengths of each method. The findings reveal that GNN-based models exhibit superior
capabilities in capturing contextual and semantic relationships within texts, particularly in complex sentiment scenarios.
This study aims to investigate the potential of applying GNNs to enhance Vietnamese sentiment analysis, offering a novel
perspective compared to traditional and deep learning models. Additionally, the implementation code for the GNN models
has been made available on GitHubt to serve as a resource for other research groups interested in this domain.

Keywords — Natural Language Processing, Sentiment Analysis, Vietnamese Sentiment Analysis, Graph Neural Networks,
Graph-based Feature Extraction.

I. INTRODUCTION

Sentiment analysis, also known as opinion mining, is a critical task in natural language processing (NLP). It
involves the automatic identification and classification of opinions, attitudes, and emotions expressed in textual
data. With the explosive growth of user-generated content on social media platforms, e-commerce websites, and
online forums, sentiment analysis has become an indispensable tool for businesses and organizations. Notable
applications of sentiment analysis include monitoring customer satisfaction [1], predicting market trends [2],
and detecting public sentiment toward political or social issues [3]. Despite being a well-researched problem,
sentiment analysis still presents considerable challenges - especially for languages with complex linguistic
structures such as Vietnamese.

In recent years, the emergence of GNNs has revolutionized the way structured data is processed in machine
learning. Unlike traditional deep learning models that primarily operate on sequential or tabular data, GNNs
excel at modeling relational data and capturing interdependencies among elements in a graph. These
capabilities make GNNs particularly powerful for NLP tasks, where contextual relationships and syntactic
structures are crucial. By leveraging graph-based representations such as dependency trees or word co-
occurrence graphs, GNNs have shown significant improvements in tasks like machine translation, text
classification, and question answering.

In the context of Vietnamese, applying GNNs to sentiment analysis remains in its early stages. Current
approaches to Vietnamese sentiment analysis largely rely on traditional machine-learning models or
transformer-based architectures such as BERT [4]. While these methods have achieved certain levels of
effectiveness, they often struggle to represent the intricate grammatical and semantic relationships in
Vietnamese texts. This study focuses on exploring the potential of GNN-based models to address these
limitations and provides a comparative analysis with traditional approaches to highlight the strengths of GNNs
in Vietnamese sentiment analysis.

II. RELATED WORK

As a critical task within NLP, sentiment analysis has significantly expanded its scope of applications alongside
the rapid increase in user-generated content on digital platforms. In the business domain, it enables companies
to monitor customer feedback [1], enhance service quality, and develop targeted marketing strategies [5].
Politicians and policymakers employ sentiment analysis to gauge public opinion, understand social trends, and
forecast election outcomes. In market research, it assists in evaluating product performance, predicting
consumer demand, and understanding customer behavior. Furthermore, sentiment analysis has found
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applications in mental health care by identifying emotional states in textual data such as social media posts or
clinical notes, thereby providing valuable insights for timely interventions [3].

Sentiment analysis techniques have evolved substantially over time, encompassing rule-based methods [6],
traditional machine learning approaches [7] and modern deep learning techniques [8]. Rule-based methods
utilize sentiment lexicons containing positive and negative terms in conjunction with syntactic rules to
determine sentiment polarity. While interpretable and transparent, these approaches often struggle with
linguistic complexities such as negation, sarcasm, and idiomatic expressions. Traditional machine learning
models like Support Vector Machines (SVM), Naive Bayes, and logistic regression rely on manually engineered
features such as n-grams, part-of-speech (POS) tags, and TF-IDF values. Although more effective than rule-based
methods, these models require substantial feature engineering effort and often fail to capture deep semantic
relationships within the text.

Vietnamese presents unique challenges to sentiment analysis. As an isolating language, Vietnamese lacks
explicit word boundaries, making word segmentation a crucial preprocessing step. Ambiguity poses another
major obstacle, as many Vietnamese words possess multiple meanings depending on context. For example, the
word “dat” may mean “expensive” or “popular and in high demand” depending on usage. Additionally, sentiment
in Vietnamese often hinges on tone or contextual nuance, which written text cannot directly convey. The use of
sarcasm, idioms, and regional dialect variations further adds to the complexity.

Addressing these challenges necessitates innovative approaches capable of capturing the intricate linguistic
structures and relationships inherent in Vietnamese texts. Graph-based models, such as GNNs, offer a promising
direction by representing textual data as graphs that encode both contextual and relational information. These
models hold strong potential to overcome traditional limitations and pave new avenues for Vietnamese
sentiment analysis.

III. GRAPH NEURAL NETWORK MODELS FOR VIETNAMESE SENTIMENT ANALYSIS

A. OVERVIEW OF GRAPH NEURAL NETWORKS

GNNs represent a significant advancement in deep learning, specifically designed to operate directly on graph-
structured data. Unlike traditional models that focus on grid-like data such as images or text sequences, GNNs
are tailored to process non-Euclidean data, where relationships among elements are naturally represented as
nodes and edges. In a graph, nodes correspond to entities, while edges capture the relationships or interactions
between those entities. GNNs leverage this structure to aggregate and propagate information across nodes,
enabling the model to learn both local and global patterns within the graph.

The core mechanism of GNNs is message passing - a process in which information is exchanged between
neighboring nodes through edges. In each computational layer, a node aggregates messages from its
neighboring nodes=updates its representation based on the aggregated information, and forwards the updated
representation to the next layer. For instance, a node v with a set of neighbors N(v) computes its new
representation h;, by aggregating messages m,_, from each neighbor u € N(v), followed by applying a
transformation function, typically parameterized by learnable weights (see Figure 1). This iterative process
allows GNNs to capture complex dependencies, even among distant nodes, by stacking multiple message-
passing layers.
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Figure 1. Message passing mechanism between nodes
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GNNs have found widespread applications across various domains where graph-structured data is prevalent. In
social network analysis [9], GNNs are employed to model user interactions and predict relationships, such as
recommending new connections or identifying influential users. In molecular biology [10], GNNs have shown
promise in drug discovery by predicting molecular properties based on the graph representation of chemical
compounds. They also support recommender systems by modeling user-item interactions as bipartite graphs.
In finance, GNNs are utilized for fraud detection by analyzing payment networks [11]. Additionally, GNNs are
applied in domains such as physical simulation, traffic forecasting, and even computer vision tasks, where
spatial relationships are critical.

In natural language processing, GNNs have proven effective in tasks that require a deep understanding of both
the contextual and structural aspects of textual data. Text information can be represented as graphs, where
words or sentences serve as nodes, and the relationships between them - such as syntactic dependencies or
semantic similarity - are represented by edges. GNNs capture these relationships, offering an advantage over
traditional sequence-based models by incorporating global structural information. In sentiment analysis, GNNs
outperform conventional methods by modeling the dependencies among words or sentences, enabling the
system to better interpret complex emotional expressions that may be overlooked by other approaches.

Despite their advantages, GNNs also face notable limitations. One of their greatest strengths - the ability to
model complex relationships and dependencies - comes at the cost of high computational complexity,
particularly when applied to large-scale graphs with millions of nodes and edges. Training GNNs requires
substantial memory resources, as the message-passing process involves maintaining representations for all
nodes and edges. Furthermore, the phenomenon of over-smoothing - where node representations become
indistinguishable after multiple layers of message passing - can degrade performance, especially in deeper
architectures.

To address these challenges and fully harness the potential of GNNs for NLP tasks such as sentiment analysis,
several specialized architectures have been developed. For instance, TextGCN [12] explicitly models the
relationships between words and documents in a text corpus as a graph. HGAT [13] (Heterogeneous Graph
Attention Networks) incorporates attention mechanisms to focus on important relationships within
heterogeneous graphs that contain multiple types of nodes and edges. GraphSAGE [14](Graph Sample and
Aggregate) introduces efficient sampling techniques to scale GNNs to large graphs while maintaining
performance. BertGCN [15] combines the strengths of GNNs with transformer-based models like BERT, enabling
the system to capture both local dependencies and contextual information from pre-trained language models.

B. TextGCN

TextGCN (Text Graph Convolutional Network) is a graph-based framework designed for tasks such as text
classification and sentiment analysis. This method transforms a text corpus into a heterogeneous graph, where
nodes represent both words and documents, and edges encode relationships such as word co-occurrence or the
relevance between words and documents. Figure 2 illustrates the architecture of the TextGCN model, while
Equation 1 defines the method for computing the edge weight between node i and node ;.

( ’R(orsl)i, )

R(sarcoma)

Rlcarcinoma)
Hidden Layers B>

0219

- 0226 -

Word Document Graph Word Document Representation Document Class

Figure 2. Architecture of the TextGCN model
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The PMI (Pointwise Mutual Information) values are calculated using Equations (2), (3), and (4).

PMI(i,)) = log % 2)
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p(i) = oD 3)
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Here, #W (i) denotes the number of sliding windows in the dataset that contains word i, #W (i, j) represents the
number of windows containing both words i, j. And #W is the total number of sliding windows in the entire
corpus.

The core mechanism of TextGCN lies in its use of Graph Convolutional Networks (GCNs) to propagate
information through the constructed graph. Word nodes are initialized using pre-trained word embeddings,
while document nodes are typically initialized randomly. Through multiple GCN layers, each node aggregates
features from its neighboring nodes and updates its representation accordingly. This process allows TextGCN to
capture both local dependencies within documents and global structural information across the corpus. A key
strength of TextGCN is its ability to model latent relationships between documents, even in the absence of
shared vocabulary. By integrating both word-word and word-document relationships, this approach is
particularly effective in identifying complex sentiment patterns and long-range dependencies that sequential
models often overlook. Moreover, the graph-based structure enables better generalization across datasets with
rich relational structures.

However, TextGCN faces challenges in scalability, as constructing and processing large graphs incur high
computational and memory costs. Its reliance on a fixed graph structure can also limit adaptability during
training. Additionally, the model may fall short in capturing nuanced contextual information that transformer-
based architectures handle more effectively. Nevertheless, TextGCN remains a foundational method that has
inspired the development of more advanced GNN-based models.

C. HGAT

HGAT (Heterogeneous Graph Attention Networks) introduces an innovative approach to addressing challenges
associated with short text classification by leveraging the capabilities of heterogeneous GNNs. Short texts—such
as social media posts, search queries, or user reviews—are inherently sparse and often lack sufficient contextual
information, making them particularly difficult to classify accurately. Traditional machine learning methods and
homogeneous graph-based models often fail to effectively capture the complex relationships and contextual
dependencies present in such texts.

HGAT addresses this issue by modeling data as a heterogeneous graph and incorporating attention mechanisms
to selectively focus on the most relevant information. In this framework, the graph consists of diverse node
types—such as words, documents, and topics—and edges encode various relationships, including word co-
occurrence, word-document links, and semantic similarity. The heterogeneity of the graph allows the model to
integrate multiple types of nodes and edges, which is essential for capturing the diverse relationships in short
texts. By employing multi-head attention mechanisms, HGAT dynamically assigns varying importance weights to
edges and nodes based on their relevance to the classification task. This enables the model to effectively
aggregate information from both local context (e.g., word co-occurrence) and global context (e.g., semantic or
topical relevance). Figure 3 provides a detailed illustration of the HGAT architecture.
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Figure 3. HGAT model architecture
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Empirical studies have demonstrated the effectiveness of HGAT on several benchmark datasets for short text
classification, outperforming state-of-the-art models in terms of both accuracy and robustness to noise. One of
the key findings is the model's ability to mitigate issues related to sparsity and noise, which are common in
short texts. The attention mechanism in HGAT enables it to selectively amplify meaningful signals while
suppressing irrelevant or noisy data, resulting in more accurate and interpretable predictions.
Furthermore, the semi-supervised learning framework adopted in HGAT allows the model to better leverage
unlabeled data, which is particularly valuable in scenarios where labeled data is scarce.

D. GraphSAGE

GraphSAGE (Graph Sample and Aggregate) is an advanced inductive framework designed for learning
representations on large-scale graphs. Traditional GNN architectures typically rely on a transductive learning
approach, which assumes that the full graph is available during training. This limitation makes them unsuitable
for scenarios involving dynamic or evolving graph structures. GraphSAGE overcomes this challenge by adopting
an inductive learning paradigm, allowing the model to generalize to unseen nodes or entirely new graphs by
learning an aggregation function.

This approach is particularly useful in applications where the graph is continually growing or where loading the
entire graph into memory is computationally infeasible. GraphSAGE operates by iteratively sampling a fixed-size
neighborhood for each node and aggregating information from these neighbors to compute the node's
representation. The aggregation process is parameterized using neural architectures such as mean aggregators,
pooling operations, or even LSTM-based aggregators.

This flexibility enables GraphSAGE to effectively capture both local features and structural patterns while
maintaining scalability. Unlike transductive methods, which compute embeddings for a fixed set of nodes,
GraphSAGE leverages the learned aggregation functions to generate embeddings for new nodes at inference
time, making it highly adaptable in real-world settings. The computation steps of GraphSAGE’s message-passing
process are illustrated in Figure 4.

W
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1. Sample neighborhood 2. Aggregate feature information 3. Predict graph context and label
from neighbors using aggregated information

Figure 4. Illustration of the sampling and aggregation process in the GraphSAGE model

One of the major advantages of GraphSAGE is its ability to strike a balance between computational efficiency
and representational power. By sampling a subset of neighbors rather than using all connected nodes, the model
achieves significant computational gains while still retaining the capacity to capture essential graph properties.
Moreover, the use of shared aggregation functions ensures that the model can be applied to different graph
structures without requiring retraining.

In the context of sentiment analysis, GraphSAGE offers strong potential by effectively modeling complex
dependencies between words, sentences, and documents. For instance, in Vietnamese sentiment analysis—
where contextual nuances and subtle relational cues often play a critical role—GraphSAGE can aggregate both
local linguistic features and global semantic patterns, thereby enhancing the model’s classification accuracy. Its
inductive nature also ensures adaptability, allowing it to process newly added documents or vocabulary without
extensive retraining.

Despite its many benefits, GraphSAGE is not without limitations. The sampling process, while computationally
efficient, may result in the loss of important structural information if the sample size is not chosen
appropriately. Additionally, the model’s performance heavily depends on the design of the aggregation function,
which may require careful tuning for specific tasks. Nonetheless, GraphSAGE represents a significant
advancement in graph-based learning, offering a scalable and generalizable solution for large and dynamic
graphs, making it a promising candidate for advancing sentiment analysis—particularly in linguistically complex
languages like Vietnamese.
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E. BertGCN

BertGCN is an exceptionally innovative model that integrates the strengths of BERT and GCNs for text
classification and sentiment analysis tasks. While BERT has become a standard in many NLP applications due to
its contextual understanding and pre-trained embedding capabilities, it primarily operates on linear text
sequences. This approach can overlook global relational information across the entire dataset, which is crucial
for capturing inter-document or inter-sentence dependencies. In contrast, GCNs excel at modeling structural
relationships within graph-structured data, making them ideal for capturing dependencies such as word co-
occurrence or document similarity.

BertGCN bridges these two approaches by combining the contextual richness of BERT with the structural
learning capabilities of GCNs. In the BertGCN architecture, BERT is first used to encode input texts into
embeddings that capture deep semantic and contextual information. These embeddings are then used as node
features in a graph, where nodes represent documents and edges encode relationships such as document
similarity or keyword co-occurrence. A graph convolutional network is subsequently applied to propagate
information across nodes, enabling the model to integrate both contextual knowledge and global structural
patterns. The transductive nature of the GCN ensures that even unlabeled nodes (documents) can benefit from
labeled data via connected edges and embeddings, thereby enhancing classification performance in semi-
supervised settings.

BertGCN offers distinct advantages over both traditional methods and standalone deep learning models. By
combining BERT's contextual embeddings with the relational modeling strength of GCNs, the model proves
particularly effective in handling datasets with sparse or limited labeled data. This is especially valuable in
scenarios like Vietnamese sentiment analysis, where nuanced language expressions and contextual meanings
require a deep understanding of both document structure and inter-document relationships. Furthermore, the
hybrid design of BertGCN enables the model to capture both local and global patterns. Despite its higher
computational demands, BertGCN has been shown to achieve state-of-the-art performance in text classification
tasks, outperforming traditional methods in terms of accuracy.

IV. EXPERIMENTAL RESULTS

A. EXPERIMENTAL DATASETS

For the task of Vietnamese sentiment analysis, the experiments in this study are based on two benchmark
datasets: the Foody dataset* and the UIT-VSFC dataset$ [16], both of which are commonly used by research
groups working on Vietnamese sentiment analysis. Detailed statistics of these two datasets are presented in
Table 1.

Table 1. Descriptive Statistics of the Foody and UIT-VSFC Datasets

Foody UIT-VSFC
Number of Samples 38.279 16.175
Number of Classes 2 3
Shortest Sample Length | 4 1
Longest Sample Length | 1.336 123
Average Sample Length | 80 9
Class Imbalance No Yes

The Foody dataset was collected, processed, and released by the NLP research group at Ho Chi Minh City
University of Technology. It was gathered from the website foody.vn and contains customer reviews of
locations, restaurants, and dishes. In contrast, the UIT-VSFC dataset was developed by the NLP research group
at the University of Information Technology (UIT), Ho Chi Minh City. This dataset consists of student evaluations

* https://tinyurl.com/FoodyDataset
$ https://nlp.uit.edu.vn/datasets#h.p_4Brw8L-cbfTe
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covering various topics such as facilities, instructors, and academic programs at UIT, and is annotated with three
sentiment labels.

B. BASELINE METHODS

To explore the potential of GNNs in Vietnamese sentiment analysis in comparison with traditional models, we
conducted experiments using four GNN-based models - TextGCN, HGAT, GraphSAGE, and BertGCN—as
introduced in Section III. In addition, we implemented traditional machine learning models, including SVM,
Naive Bayes (NB), Logistic Regression (LR), and Random Forests (RF), using TF-IDF for feature extraction.
Furthermore, we evaluated several deep learning architectures such as CNN, RNN, and LSTM, followed by fine-
tuning the PhoBERT model as a strong baseline for comparison against the GNN-based approaches.

In the context of GNN-based models, the preprocessing stage plays a pivotal role in transforming raw
Vietnamese text into graph structures suitable for learning. This process typically involves Vietnamese word
segmentation, normalization, and the removal of stopwords to reduce noise and highlight salient terms. Edges in
the resulting graphs are constructed based on statistical co-occurrence measures such as PMI or other linguistic
relations, directly shaping the topology of the graph. The effectiveness of these preprocessing choices
substantially influences how information is propagated within the network and, consequently, the overall
performance of GNN models. Given the unique linguistic characteristics of Vietnamese - particularly the
necessity of accurate word segmentation - preprocessing decisions are especially critical for ensuring robust
sentiment analysis outcomes. As such, the comparative results among GNN architectures in this study are
inherently affected by the adopted preprocessing strategies.

C. EVALUATION METRICS

In sentiment analysis tasks, model performance is evaluated using a set of widely adopted and well-established
metrics that quantify different aspects of system effectiveness. Among these, accuracy and F1-score are the most
commonly used metrics due to their ability to provide a comprehensive assessment of classification models.
These metrics are calculated based on the confusion matrix (Table 2) and are defined by Equations (5), (6), (7),
and (8).

Table 2. Confusion Matrix

Predicted class

Positive Negative

Positive | TP - True Positive | FN - False Negative
Actual class

Negative | FP - False Positive | TN - True Negative

L TP
Precision = TP T FP (5)
TP
Recall = m (6)
TP +TN

A - 7
COUracY = Tp Y FP+ TN + FN @

Fl_s ) Precision X Recall 8
— = X
core Precision + Recall ®

D. RESULTS AND DISCUSSION

In the experimental phase, traditional machine learning models were implemented using the scikit-learn library,
while deep learning models were developed with TensorFlow. GNN models were built using the Deep Graph
Library (DGL). All experiments were conducted in the Colab-Pro environment equipped with an A100 GPU
(40GB RAM) and 84GB of system RAM. The performance results of the models on the two datasets are
summarized in Tables 3 and 4, respectively.
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Table 3. Results of the Models on the Foody Dataset

Accuracy F1-Score
SVM 88,57 88,66
NB 85,29 85,27
LR 88,57 87,75
RF 85,66 85,30
CNN 87,64 87,59
RNN 81,30 81,32
LSTM 85,62 85,17
PhosERT model | 2239 92,38
TextGCN 88,14 88,13
HGAT 87,10 87,09
GraphSAGE 88,01 88,01
BertGCN 94,16 94,12

Table 4. Results of the Models on the UIT-VSFC Dataset

Accuracy F1-Score
SVM 88,69 86,99
NB 83,95 82,63
LR 88,31 87,43
RF 87,81 86,91
CNN 89,64 89,29
RNN 86,01 83,85
LSTM 89,58 89,07
PhoBERT model | %+13 93,84
TextGCN 89,47 88,36
HGAT 87,64 85,75
GraphSAGE 88,86 88,22

BertGCN 94,54 97,19
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The experimental results on the two datasets, as presented in Tables 3 and 4, indicate that both deep learning
models and GNN-based approaches significantly outperform traditional machine learning methods. Notably, as
initially hypothesized, BertGCN achieved the highest accuracy among all models, confirming the advantage of
combining pre-trained language models with GNNs.

Based on the experimental results, the following conclusions can be drawn. Traditional machine learning
models offer simplicity with acceptable performance, making them suitable for small datasets or systems with
limited computational resources. In contrast, deep learning models significantly enhance performance through
advanced encoding and learning mechanisms. Notably, the fine-tuning of the PhoBERT model reaffirms the
remarkable capability of transformer-based architectures in sentiment analysis tasks, particularly in capturing
contextual and structural information. Graph-based models such as GNNs—including TextGCN, GraphSAGE,
HGAT, and BertGCN—represent a state-of-the-art approach to sentiment analysis. These models treat textual
data as graphs, where nodes represent words, sentences, or documents, and edges encode relationships such as
word co-occurrence or document similarity. GNNs excel at capturing both local and global dependencies,
making them especially well-suited for tasks involving complex semantic structures, such as sentiment analysis.
While TextGCN, GraphSAGE, and HGAT achieve performance comparable to deep learning models, BertGCN
outperforms all others on both benchmark datasets.

Although BertGCN demonstrates superior performance in Vietnamese sentiment analysis, it is important to note
that this model is significantly more computationally intensive than other GNN-based approaches. The
integration of BERT for contextual embedding and GCN for structural learning results in higher memory
consumption and longer training times, especially on large datasets. In our experiments, BertGCN required
substantially more GPU resources to store and process both the contextual embeddings and the graph structure.
These resource demands may pose challenges for deployment in environments with limited computational
capacity. Therefore, while BertGCN achieves state-of-the-art results, its practical application should carefully
consider the associated computational and hardware requirements.

V. CONCLUSION

This study systematically evaluated the effectiveness of several GNN architectures - including TextGCN, HGAT,
BertGCN, and GraphSAGE - for Vietnamese sentiment analysis. Through comprehensive experiments on two
benchmark datasets, we demonstrated that GNN-based models consistently outperform traditional machine
learning and standard deep learning approaches in capturing both contextual and semantic relationships within
Vietnamese texts. Notably, BertGCN achieved the highest accuracy, underscoring the benefit of integrating
contextual embeddings with graph-based structural learning.

However, our findings also highlight important practical considerations. While GNNs, especially BertGCN, offer
superior performance, they require significant computational resources, particularly for large-scale datasets.
This factor may limit their applicability in resource-constrained environments. Additionally, the effectiveness of
GNN models is closely tied to the quality of preprocessing and graph construction, which remains a challenging
aspect of Vietnamese language processing.

In summary, GNNs represent a promising direction for advancing Vietnamese sentiment analysis by effectively
modeling complex linguistic structures. Future research should focus on optimizing graph construction
techniques and developing more efficient GNN architectures to address scalability and resource challenges. We
hope that our findings and released codebase will serve as a valuable reference for further studies and
applications in Vietnamese NLP and related domains.
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KHAM PHA TIEM NANG CUA MANG NO-RON PO THI TRONG PHAN TiCH
CAM XUC TIENG VIET
Pinh Minh Hoa, Nguyén Tran Thanh Nha, Nguyén Van Xanh, Bui Thi Thanh T4, Tran Khai Thién

TOM TAT - Mang no-ron db thi (GNN) d4 chirng minh tiém ning vwot tréi trong nhidu nhiém vu xt Iy ngén ngit tw nhién,
tuy nhién, &rng dung ctia ching trong phan tich cdm xdc tiéng Viét vin chwa dwgc kham pha sau sic. Nghién ciru ny danh gia
hiéu qua cta cic mé hinh dwa trén GNN, bao gobm TextGCN, HGAT, BertGCN va GraphSAGE, trong viéc phan tich cam xuc ti
vin ban tiéng Viét. Ching tdi thwe hién cac thir nghiém trén hai tip dit liéu tiéng Viét UIT-VSFC va Foody, 1a cac tip di liéu
tiéu chuin trong phan tich cdm xuc tiéng Viét. Két qua thwe nghiém so sanh hiéu suit cia cdc md hinh GNNs v&i cadc phwong
phép hoc may truyén thong ciing nhw cadc mé hinh hoc siu dién hinh. Ching t6i phan tich cac chi s6 hiéu suit chinh nhw do
chinh xac (accuracy) va F1-score d€ 1am néi bat wu diém ctia tirng phwong phap. Két qua cho thiy, cic mé hinh dwa trén GNN
dat hiéu suit vwot troi trong viéc nim bit méi quan hé ngit canh va ngit nghia trong vin ban, dic biét trong cac tinh huéng
cam xtc phtrc tap. Nghién ctru nay nhidm khao sat va khdm ph4 tiém ning cta viéc 4p dung GNN d& nang cao phan tich cam
xuc tiéng Viét, cung cip géc nhin mai so véi cdc md hinh truyén thdng va hoc siu, va dong thoi cung cdp ma ngudn trién khai
cac mo hinh GNNs trén Github 1am tai liéu cho cdc nhém nghién cttu khac c6 quan tAm dén cha dé nay.

Twr Khéa - Xt ly ngdén ngit tw nhién, Phén tich cdm xtc, Phan tich cdm xdc Tiéng Viét, Mang no-ron do thi, Trich xuit dac

trung bang do thi.
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