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Abstract

This work addresses the broken symmetry in syntactic–semantic representations for Aspect-
Based Sentiment Analysis, where advancements have been driven by the use of pre-trained
language models to achieve contextual understanding and graph neural networks capturing
aspect–opinion dependencies using syntactic trees. However, long-distance aspect–opinion
pairs pose challenges: the structural noise in dependency trees often causes erroneous
associations, while the discrete structure of the constituent trees leads to constituent frag-
mentation. In this paper, we propose DySynGAT and introduce a Localized Graph At-
tention Network (LGAT) to fuse bi-gram syntactic and semantic information from both
dependency and constituent trees, effectively mitigating interference from dependency
tree noise. A dynamic semantic enhancement module efficiently integrates local and
global semantics, alleviating constituent fragmentation caused by constituent trees. An
aspect–context interaction graph (ACIG), built upon minimal semantic segmentation and
jointly enhanced features, filters out noisy cross-clause edges. Spatial reduction attention
(SRA) with mean pooling compresses the redundant sequential features, reducing the noise
under long-range dependencies. Experiments on foods and beverages, electronics, and
user review datasets demonstrate F1 score improvements of 0.55%, 3.55%, and 1.75% over
SAGAT-BERT, demonstrating strong cross-domain robustness.

Keywords: aspect-based sentiment analysis; dependency tree; constituent tree;
GAT; BERT

1. Introduction
Aspect-Based Sentiment Analysis (ABSA) aims to predict the sentiment polarity of

specific targets in a text. Its application has significantly improved the accuracy of mul-
tidimensional opinion mining, but traditional methods still face significant limitations.
Although LSTM and its variant, BiLSTM, are able to model temporal dependencies, they
are not capable of explicitly modeling grammatical structures such as phrase boundaries
and subject–predicate relations, resulting in weak dynamic associations between aspectual
words and opinion terms [1]. CNNs capture local co-occurrence patterns using multi-scale
convolutional kernels, but their inability to model complex semantic relations stems from
a lack of global syntactic hierarchical information [2]. While an attention mechanism can
dynamically focus on the relevant text span, it is susceptible to interference from irrelevant

Symmetry 2025, 17, 1492 https://doi.org/10.3390/sym17091492

https://doi.org/10.3390/sym17091492
https://doi.org/10.3390/sym17091492
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/symmetry
https://www.mdpi.com
https://orcid.org/0009-0006-6241-1237
https://doi.org/10.3390/sym17091492
https://www.mdpi.com/article/10.3390/sym17091492?type=check_update&version=1


Symmetry 2025, 17, 1492 2 of 18

grammatical relations in long-distance dependency scenarios because it does not explicitly
utilize the syntactic structure, leading to weight allocation that deviates from the true
affective associations and triggers imbalances in the feature responses [3]. As shown in
Figure 1, the traditional method may incorrectly assign weights to the modifier “delicious”
because it cannot recognize the dependency association between “slow” and “service”,
resulting in an imbalanced feature response.

The pasta is flavorful, the service is average, but the noise level is unbearable.

positive neutral negative

The food was delicious, but the service was slow

Figure 1. Example ABSA task where each aspect word is categorized according to the corresponding
sentiment polarity.

In recent years, graph neural network (GNN) technology has increasingly become
a research hotspot in ABSA. Such methods construct graph adjacency matrices based
on dependency trees and update vertex representations by aggregating the features of
neighboring nodes, thus reinforcing specific semantic associations. Figure 2 shows an
example from a Laptop dataset containing a short dependency tree. The dependency
relationship directly links the aspect word “keyboard” with the opinion word “responsive”.
However, the existing methods face significant limitations in complex scenarios; traditional
GCNs assign equal weight to all dependent edges [4,5], which generates cross-clause noise.
Although graph attention networks (GATs) allocate weights dynamically using an attention
mechanism, their performance heavily relies on the syntactic parser’s accuracy, and a static
attention mechanism has difficulties adapting to diverse syntactic structures [6]. In addition,
most existing studies neglect the explicit modeling of cross-aspect relations, which makes it
difficult to capture the semantic transitions implied by the contrastive conjunction “but”,
and the problem of remote dependency interference has not been effectively mitigated [7].

The keyboard is responsive  but the trackpad feels sluggish
Figure 2. An example Laptop dataset containing a short dependency tree.

In this paper, we propose DySynGAT, a framework that addresses the challenge of
multi-level affective semantic fusion by integrating dynamic semantics with syntactic struc-
tures. To enhance semantic representation, we employ BiLSTM [8], channel recalibration [9],
and multi-scale trend sensing attention (MTA) [10] to capture contextual dependencies, sup-
press noisy features, and model semantic patterns at multiple granularities. For syntactic
modeling, we fuse constituent and dependency trees [11] through Localized Graph Atten-
tion Networks (LGAT) to hierarchically aggregate structural information with adaptive
weighting. To model interactions among multiple aspects, we construct an aspect–context
interaction graph (ACIG) [12] using semantic span segmentation (MSS) and refine it with
spatial reduction attention (SRA) [13] and LGAT quadratic aggregation, enabling effective
capture of cross-subsentence sentiment associations. Experimental results demonstrate that
DySynGAT achieves superior performance by synergizing dynamic semantic enhancement
with syntax-aware reasoning. The main contributions of this paper are summarized below.

(1) Designing a dynamic semantic enhancement framework for multi-dimensional se-
mantic fusion through a cascading feature refinement mechanism. The framework
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employs BiLSTM to capture timing dependencies, and feature channel weights are
adjusted via a channel recalibration module to suppress redundant noise. Intro-
ducing multi-scale convolutional structure and combining scale-aware attention to
dynamically fuse local semantics of different granularities effectively suppresses the
imbalance problem of channel feature response and sentence component fragmenta-
tion caused by the discrete structure of constituent trees.

(2) Designing Localized Graph Attention Networks, LGAT dynamically aggregates multi-
level syntactic information through a layer-by-layer attention mechanism. Explicitly
inscribing phrase boundaries and hierarchical combinatorial relations achieves deep
alignment of syntactic structures with semantic representations as a way to reduce
the interference of structural noise.

(3) The dynamic sparse ACIG is constructed by locating the smallest semantic unit
between multiple targets through the MSS algorithm. Combining the SRA mech-
anism to compress redundant features and using LGAT to explicitly model multi-
target affective associations, the long-distance dependent interference problem is
effectively solved.

The rest of this paper is as follows. Section 2 summarizes the related work, in Section 3
the model components are described in detail, Section 4 demonstrates the performance
validation of the model as well as the experimental analysis, and in Section 5 the relevant
conclusions of this study and directions for future research are summarized.

2. Related Work
2.1. Conventional Methods

Traditional ABSA methods initially relied on LSTM and its bidirectional variant BiL-
STM to capture temporal dependencies and to lay the groundwork for the initial association
of opinion words with target aspects [14]. CNNs were introduced to capture multi-word
co-occurrence patterns to enhance local feature extraction [15]. In recent years, the pre-
trained language model BERT has achieved significant performance improvements in
single-target scenarios through end-to-end fine-tuning, but its ability to explicitly model
syntactic structures is limited, making it difficult to handle remote dependencies and
cross-aspect semantic associations in complex sentences [16].

2.2. GAT-Based Approach

The GAT-based ABSA approach focuses on dependency tree-driven syntactic struc-
ture modeling with noise suppression. Wang et al. [17] proposed the Relational Graph
Attention Network (R-GAT), which explicitly connects target aspect words with opinion
words through a dependency tree optimization strategy to enhance the modeling of gram-
matical association paths. Zhang et al. [18] fused BERT coding with GAT, constructed an
aspect–sentiment graph structure based on dependency trees to mitigate noise interfer-
ence, and designed a dynamic edge weight assignment mechanism to suppress redundant
cross-clause connections. For local–global semantic interactions in complex sentences,
Chang et al. [19] introduced a dependency type-aware attention mechanism to enhance
local context modeling through syntactic role constraints.

2.3. Dependency Tree vs. Constituent Tree

The joint modeling of dependency trees and constituent trees has become an important
paradigm for improving the performance of ABSA tasks and as a mechanism to enhance
local context modeling through syntactic role constraints. Nguyen et al. [20] proposed
goal-dependent binary phrase dependency trees that synergize the fine-grained inter-word
relations of dependency trees with the hierarchical phrase structure of constituent trees to
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provide a syntactic basis to locate multi-granular semantic spans. Sun et al. [21] designed a
dual-tree coding framework to enhance the complementarity of syntactic information across
hierarchical levels by modeling bi-grammatical structures through GCNs and using a gating
mechanism for feature fusion, respectively. Xu et al. [22] introduced Semantic Role Labeling
(SRL) trees to expand the dimension of syntactic representations, constructed multi-view
syntactic graphs of dependency trees, constituent trees and SRL trees, and improved
the robustness and generalization ability of sentiment inference through heterogeneous
syntactic feature interactions.

3. Methodology
As shown in Figure 3, DySynGAT consists of the following five components: an input

encoder, dynamic semantic enhancements, syntax-aware graph aggregation, cross-aspect
relationship modeling, and Classification of Emotional Polarity. The goal of this paper
is to accurately model aspect–opinion word associations through multi-level syntactic–
semantic collaborative reasoning. First, a fine-grained contextual representation of the
target aspect is generated based on the BERT encoder, and the initial word vectors are
obtained through subword aggregation. Second, a dual-channel parallel processing ar-
chitecture is designed: the syntax-aware graph aggregation module fuses the constituent
tree hierarchical phrase partitioning with the dependency tree fine-grained relations, and
outputs syntactically enhanced representations by dynamically assigning neighbor weights
through the Localized Graph Attention Network (LGAT). The dynamic semantic enhance-
ment module effectively mitigates sentence component fragmentation and feature response
due to constituent tree discretization through the synergistic combination of established
techniques: BiLSTM for bidirectional sequential context, channel recalibration for adaptive
feature channel weighting, and multi-scale convolution attention for capturing semantic
patterns at varying granularities. This triple coupling operates by retaining the local context
information while suppressing the redundant noise through feature channel weight adjust-
ment and fusing different granularities of semantic patterns using multi-scale convolution.
Subsequently, the syntactic and semantic features are weighted and spliced into a joint
augmented representation. The joint augmented representation is inputted into the cross-
aspect relationship modeling module, followed by locating the association units among
multiple targets based on the Minimum Semantic Segmentation (MSS) algorithm and
constructing aspect–context interaction graph (ACIG) by combining the joint augmented
representation. Finally, the redundant sequence dimensions are compressed by the spatial
reduction attention (SRA), and a secondary call to LGAT aggregates cross-clause sentiment
associations to output a cross-aspect augmented representation; Ultimately, the cross-aspect
augmented representation is adaptively fused with the joint augmented representation, and
the sentiment polarity is output by pooling with a softmax classifier. Detailed information is
provided below.

3.1. Input Encoder

A pre-trained BERT is used to capture the contextual semantic information of aspectual
words in the input text. Specifically, for a given sentence S = w1, w2, . . . , wn and the target
aspects to be analyzed at, this module follows BERT-SPC [23] to construct BERTbased
sequences. The sequence contains special markers [CLS], original sentences, delimiter
markers [SEP], aspects of the objectives and other [SEP] markers, formalized as

BERTt
input = [[CLS], w1, w2, . . . , wn, [SEP], at, [SEP]] (1)

Among them, at is an aspect item consisting of a word or multiple words. The output
of BERT is Ht =

{
ht

0, ht
1, . . . , ht

L
}

, where ht
0 corresponds to the aggregated representation
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of the [CLS] tag. The remaining ht
i is the representation of the i-th word or subword in

the sequence.

Feature fusion

Cross-Aspect Relationship Modeling

movie

popcorn

service

but

and

Aspect-Context Interaction Graph

The movie was great, but the popcorn and service were terrible
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Figure 3. Overall architecture.

Since BERT’s tokenizer may split a single word into multiple subwords
(e.g., “tokenization” split into “token” and “ization”), so there is a need to aggregate
subword representations of the same original word. To achieve this, for each word wi in the
sentence, its final contextual representation is computed by averaging the subword vectors
as follows:

∼
h

t

i =
1

|S(wi)| ∑
k∈S(wi)

ht
k (2)

Among them,
∼
h

t

i indicates the aggregated context representation of word wi at time
step t, S(wi) indicates the set of indices of the corresponding subwords of word wi in the
input sequence, |S(wi)| is the number of subwords, and ht

k is the representation of the kth
subword in the sequence at time step t.

This encoding step produces a contextually enriched, word-aligned representation that
preserves both syntactic and semantic information from the pre-trained
language model.

3.2. Dynamic Semantic Enhancement

This module repairs compositional symmetry by reintegrating fragmented constituents
through symmetric feature fusion.

3.2.1. Bidirectional Timing Dependency Modeling

We use BiLSTM to process the contextual representation
∼
h

t

i generated by the input
encoder, and the forward and backward hidden states are calculated by a bidirectional
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recursive unit to obtain an enhanced temporal representation Hrec. This process can be
formalized as →

h t = LSTM(ht,
→
h t−1) (3)

←
h t = LSTM(ht,

←
h t+1) (4)

where
←
h t and

→
h t represent the backward and forward hidden states of the t-th word,

respectively, and the two-way hidden state after splicing is Hrec = [
→
H;
←
H].

This bidirectional recurrent modeling captures rich sequential context from both
directions, forming the foundational temporal representation for subsequent dynamic
enhancement. It ensures that each word’s representation is informed by its entire context,
which is crucial for accurate aspect sentiment understanding.

3.2.2. Channel Recalibration

Channel recalibration is used to add weights to key feature channels and suppress
redundant and noisy channels. This module is based on the Squeeze and Excitation
Network (SEN). This module performs global average pooling on temporal representation
Hrec to generate channel statistics vector z, and learns channel importance through two
fully connected layers:

wc = σ(W2 · δ(W1 · z)) (5)

Among them, W1 and W2 are learnable parameters, δ is the ReLU activation function,
and σ is the sigmoid function.

The characteristics after recalibration are shown below, where ⊙ denotes channel-
dimensional broadcast multiplication.

Hsc = Wc ⊙Hrec (6)

The channel recalibration mechanism dynamically adjusts the importance of different
feature dimensions based on their global context. By learning attention weights (Wc)
for each channel, it amplifies informative features (e.g., sentiment-bearing words) and
suppresses less relevant or noisy ones, enabling the model to focus on the most salient
semantic signals. This introduces a form of dynamic, feature-level adaptation.

3.2.3. Multi-Scale Trend Sensing Attention

Following channel-wise refinement, the model captures semantic patterns at varying
granularities using the multi-scale trend sensing attention module. The multi-scale trend
sensing module captures semantic patterns at different granularities. The scale-aware
attention dynamically weights the contributions of features from different convolutional
kernels, allowing the model to adaptively focus on the most relevant local and global
semantic trends for the given context.

A multi-scale convolution is used in conjunction with joint attention to fuse local
and global semantic trends. The set of convolution kernels is defined as K = {3, 5, 7},
and multi-scale convolution is performed on the recalibrated feature HSC to extract
local operations

Ck = Conv1Dk(Hsc) (7)

where Conv1D represents a 1D convolution with a kernel width of k. Then, multi-scale
features are fused using scale-aware attention weighting

βk = Softmax

(
(CkWQ)(CkWK)

⊤
√

da

)
(8)



Symmetry 2025, 17, 1492 7 of 18

where WQ, WK are the query and key transformation matrices, and da =25 is the attention
hidden layer dimension. The final dynamic semantic enhancement is expressed as:

Henhanced = ∑
k∈K

βkCkWV (9)

The dynamic semantic enhancement module introduces an integration framework for
established components (BiLSTM, SEN, and MTA), where the innovation lies not in redefin-
ing these individual techniques but in their systematic combination to address limitations
inherent in their isolated use. Specifically, the bidirectional context modeling of BiLSTM en-
sures temporal coherence, while SEN dynamically recalibrates feature channels to suppress
noise. MTA, in turn, enables multi-scale semantic abstraction through attention mecha-
nisms. The synergy between these components—BiLSTM’s sequential dependency capture,
SEN’s adaptive filtering, and MTA’s hierarchical pattern extraction—creates a feedback
loop that mitigates individual drawbacks (e.g., local bias in BiLSTM and static weighting
in SEN). This approach generates a rich, contextually aware, and dynamically weighted
semantic representation, which is more robust and discriminative than representations
from static or single-mechanism models.

3.3. Syntax-Aware Graph Aggregation

Having obtained the dynamically enhanced semantic representation Henhanced from
the previous module, the model now incorporates syntactic structural information to
further refine contextual understanding. In this section, we construct a grammatical graph
by leveraging constituency parsing and dependency parsing.

3.3.1. Hierarchical Phrase Structure Modeling

The input sentences are parsed into nested phrase units with a hierarchical structure
using a constituent tree, including grammatical constituents such as noun phrases (NPs)
and verb phrases (VPs). Specifically, through top-down recursive segmentation, sentences
are first decomposed into major phrase units such as NPs and VPs. Each phrase unit is
then further subdivided into smaller grammatical components (e.g., qualifiers, adjectives,
etc.). Based on this hierarchical structure, this module constructs a corresponding adjacency
matrix for each syntactic level with the following formula:

A(l)
const(i, j) =

{
1, If wi, wj belong to phrase unit at level l
0, otherwise

(10)

Constituent trees, through hierarchical phrase segmentation, naturally isolate core
semantic units within sentences, avoiding the potential introduction of redundant depen-
dencies inherent in dependency trees. This phrase-level modeling provides the structural
constraints essential for subsequent cross-aspect relation modeling.

3.3.2. Conditional Grammar Fusion

To combine the strengths of both constituent and dependency syntactic representations,
we introduce a conditional grammar fusion strategy. First, the dependency adjacency matrix
Adep is constructed from the dependency tree. Then, based on the information about clause
boundaries in the constituent tree clause, the edges across clauses in the dependency
adjacency matrix Adep are filtered out to obtain the revised matrix Afiltered

dep :

Afiltered
dep (i, j) =

{
Adep(i, j), if wi, wj It is also a clause

0, otherwise
(11)



Symmetry 2025, 17, 1492 8 of 18

Then, the fusion adjacency matrix of level l is constructed. The fusion adjacency matrix
is as follows, where ∨ indicates a bitwise logical or operation:

A(l)
fuse = A(l)

const ∨Afiltered
dep (12)

After constructing a modified dependency adjacency matrix to remove edge spanning
clauses, this is then fused with the adjacency matrix of the constituent tree as a way of more
accurately capturing the grammatical structure in a sentence.

Equation (11) filters cross-clause dependency edges, effectively mitigating noise intro-
duced by long-range dependencies inherent in dependency trees. The logical OR operation
in Equation (12) retains both the phrase-level adjacency relations from constituent trees and
the local dependencies from dependency trees, thereby forming a multi-grained syntactic
graph structure. This design preserves the structured advantages of constituent trees while
harnessing the fine-grained dependency information from dependency trees.

3.3.3. Localized Graph Attention Network

A fused multi-grained syntactic graph A(l)
fuse is next constructed by integrating both

dependency and constituent trees to serve as the backbone for contextual information
propagation within LGAT. This integration enables LGAT to restore relational symme-
try through a neighbor-weight-equilibration mechanism, which prioritizes syntactically
adjacent nodes over global dependencies to mitigate the over-smoothing issue inherent
in traditional GATs. Specifically, LGAT progressively aggregates multi-level syntactic
information from local phrases to global clauses by stacking multi-layer graph attention
networks (GATs). Each layer updates node features using the output of the previous layer,
enabling the model to capture both fine-grained dependencies (from dependency trees)
and structured phrase-level coherence (from constituent trees). First, the neighbor weight
is assigned, and the attention coefficient is calculated for node wi and neighbor wj. W is
the learnable projection matrix, a is the attention parameter vector, and ∥ represents the
splicing operation. The attention coefficient is calculated using the following formula:

eij = LeakyReLU
(

aT(Whi∥Whj
))

(13)

Then, dynamic weight normalization is performed and invalid connections are masked
based on A(l)

fuse, where N (i) is the set of neighbors of wi defined by A(l)
fuse, as follows:

αij =
exp(eij

)
∑

k∈N(i)
exp(eik)

(14)

Finally, feature aggregation is performed to aggregate the neighbor information by
weighting and updating the node representation

h′i = GELU

 ∑
j∈N (i)

αijWvhj

 (15)

where h′i denotes the updated representation of node i at the current layer, GELU is the
activation function, hj represents the feature vector of neighboring node j, and αij signifies
the attention coefficient between nodes i and j.

Each layer GAT takes the output features of the previous layer as the input, and
the input of layer l (1 ≤ l ≤ L) is the node feature matrix H(l−1). The initial context
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representation
∼
h

t

i is the input H(0) of the first layer, and the node representation is updated
layer by layer according to Equation (15):

H(l) = LGAT
(

H(l−1), A(l)
fuse

)
(16)

The final output syntax enhancement is represented as Gsyntax = H(l). Syntactic
enhancement means Gsyntax, and semantic enhancement means Henhanced. The two are
combined by weighted concatenation to form joint enhancement Hjoint.

Hjoint = βGsyntax + (1− β)Henhanced (17)

The LGAT employs dynamic weight assignment via Equations (13)–(15) to prioritize
syntactically adjacent nodes over global dependencies. For instance, in the sentence “The
food was delicious, but the service was slow”, LGAT focuses on the local phrase structures
“food-delicious” and “service-slow”, rather than the inter-clausal connective “but”. This
design mitigates the over-smoothing issue inherent in traditional graph attention networks
while progressively aggregating hierarchical syntactic information from phrases to clauses
through multi-layer stacking in Equation (16).

3.4. Cross-Aspect Relationship Modeling
3.4.1. Phrase Segmentation

Building upon the hierarchical structure provided by the constituent tree, the Mini-
mum Semantic Span (MSS) algorithm extracts the smallest semantic unit connecting the
two in its subtree by locating the lowest common ancestor node, LCA, that covers both
target aspects. The specific process is as follows. First identify the LCA nodes, and subse-
quently analyze their subtree structure: if there are explicit connectives (e.g., “but”, “and”)
in the direct child nodes, they are extracted directly; if not, it is traversed layer by layer
toward finer-grained child nodes until a connective is found or a child node is reached. For
example, in the sentence “The movie is great but the cinema is bad”, LCA is the root node
S, and its direct child node contains “but”, so the split phrase sij is “but”.

3.4.2. Aspect–Context Interaction Graph

Based on the MSS results, the joint enhancement feature Hjoint is used as the initial
feature of the nodes to construct a dynamic sparse graph structure G = (V , ε), and node
set V contains all target aspects and their associated split phrases sij. Edge set ε defines the
adjacency matrix Aaci.

Aaci(u, v) =


1 if u ∈

{
ai, aj

}
and v = sij

1 if u = sij and v ∈
{

ai, aj
}

0 otherwise
(18)

Based on the above construction process, the dynamic sparse graph structure output
by ACIG contains the node feature matrix

{
hai , hsij

}
and the adjacency matrix Aaci.

3.4.3. Spatial Reduction Attention

The characteristic of the fused nodes feature
{

hai , hsij

}
is serialized and an enhanced

eigenmatrix Hfuse is obtained. The sequence dimension is then compressed by mean
pooling with a step size of 2 to achieve local convolutional dimensionality reduction. The
formula is as follows:

Hpool = AvgPoolsr=2(Hfuse) (19)
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Subsequently, cavity convolution with a kernel width of 3 is used to capture multi-
span local patterns as a way to achieve cavity convolution feature extraction, and residual
concatenation and normalization are performed afterwards:

Hdilated = DConv1k=3,dilation=2

(
Hpool

)
(20)

Hosr = LayerNorm
(

Hdilated + Hpool

)
(21)

ACIG enforces interaction symmetry through minimal symmetric units (MSS), while
SRA maintains dimensional symmetry via isotropic compression.

3.4.4. Localized Graph Attention Network Secondary Aggregation

A cross-aspect augmented representation is generated by combining the adjacency
matrix information of the aspect–context interaction graph with the spatiotemporal re-
duction features output by the SRA module, and then performing a second aggregation
using LGAT (refer to Section 3.3.3). This aggregation focuses on cross-clause dependency
modeling, with an input feature of Hosr and an adjacency matrix of Aaci.

3.5. Classification of Emotional Polarity

The affective polarity classification module takes the combined representation of the
cross-aspect enhancement representation Vcross and the joint enhancement feature Hjoint

as input and generates the final prediction through adaptive feature fusion and pooling
operations. The feature fusion formula is as follows, where α is the learnable fusion weight:

Hfinal = α ·Hjoint + (1− α) ·Vcross (22)

Based on the feature-integrated Hfinal, the set of word positions at corresponding to
each target aspect S(at) is aggregated using mean pooling to obtain its
contextual information:

hat = MeanPool({Hfinal[i] | i ∈ S(at)}) (23)

The pooled representation is fed into the fully connected layer to generate the senti-
ment polarity probability distribution via softmax

P(y | at) = Softmax(Wchat + bc) (24)

where Wc is the classification weight matrix and bc is the bias term. During model training,
the model parameters are optimized using cross-entropy loss:

L = − 1
M

M

∑
m=1

K

∑
k=1

ym,klog P(y | at) (25)

4. Experimental
4.1. Experimental Dataset

This experiment validates the model performance on three publicly available English
datasets: Restaurant (SemEval2014 Task4), Laptop (SemEval2014 Task4) [24], Twitter [25]
and MAMS [26], and the dataset information is shown in Table 1.
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Table 1. The detail of domain datasets.

Datasets
Positive Neural Negative

Train Test Train Test Train Test

Restaurant 2164 728 637 196 807 196
Laptop 994 341 464 169 870 128
Twitter 1561 173 3127 346 1560 173
MAMS 3380 400 2764 607 2764 329

4.2. Experimental Details

In this paper, a pre-trained BERT-base model is fine-tuned, with a hidden layer dimen-
sion of 768 and its output dimension mapped to 200 dimensions through a fully connected
layer. The model parameters are initialized by Xavier uniform distribution. Set the input
dropout rate to 0.1, the batch size to 12, and the regularization coefficient to 1 × 10−5. The
optimizer AdamW is used, and its learning rate is set to 2 × 10−5. Learning rates for the
Restaurant, Laptop, and Twitter datasets are kept uniform to avoid domain bias. CRF
Selection Parser is used to obtain the constituent tree and Biaffine Parser is used to obtain
the dependency tree. The number of LGAT layers is set to 2. In this paper, accuracy and
F1-score are used as the core evaluation metrics.

In our study, models were implemented using Python 3.10 and the deep learning
framework PyTorch 2.5.0. The computational experiments were executed on a system
equipped with an NVIDIA RTX 3060 GPU.

4.3. Experimental Program

In this paper, the model is compared with some classical ABSA models.
TD-LSTM [27]: LSTM is used to learn the contextual features of words, and they are

finally spliced together for classification.
ATAE-LSTM [1]: The attention mechanism calculates the semantic relationship be-

tween words and the LSTM hidden state.
MemNet [28]: This relies on a multi-layered memory network to keep context and

aspect information up to date.
IAN [29]: Interactive learning of aspect terms and sentence context information is

achieved through two LSTMs and an attention mechanism.
ASGCN [30]: ABSA’s syntactic dependency tree and graph convolutional network

are combined.
AOA [31]: Attention mechanisms are used to complete sentences and interactively

learn about aspects.
TD-GAT [32]: A directed acyclic graph (DAG) of the dependency network is con-

structed to obtain aspect word dependency information.
BERT-PT [33]: BERT is trained again in the client dataset to make it more suitable for

the ABSA task.
AEN-BERT [23]: BERT encodes contextual words and aspect words, and then obtains

classification features through a complex attention layer.
SAGAT-BERT [34]: BERT’s output is modeled through GAT, and then classification

features are obtained through a multi-layer attention mechanism and pooling operations.
DualGCN [35]: The discrete output of the dependency parser is replaced with a

probability matrix of all dependency arcs, and two regularization factor constraints are
proposed to capture semantic dependencies.

EK-GCN [36]: Sentiment lexicon and part of speech knowledge are integrated
into a graph convolutional network, complemented by a word–sentence interaction
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module that reinforces aspect–context interplay, achieving state-of-the-art results on
four benchmark corpora.

FITE-GAT [37]: An explicit dependency relationship between aspect words and emo-
tional words is established by combining the FT-RoBERTa induction tree and the graph
attention network.

BERT-SPC [23]: The ABSC task is reformulated as a sentence-pair classification prob-
lem by adopting the input schema “[CLS] sentence [SEP] aspect [SEP]”, and employs the
final hidden state corresponding to [CLS] for prediction.

T-GCN [4]: Label information from the dependency tree is incorporated into the graph
convolution, thereby enabling the model to selectively emphasize semantically relevant
label contexts. In this paper, we evaluate the performance of the model described herein
and the baseline model on the ABSA task by two metrics: accuracy and F1-score.

4.4. Experimental Analysis

Here, DySynGAT is compared with other baseline models on the Restaurant, Laptop,
Twitter, and MAMS datasets, and a detailed analysis of the experimental data is performed,
leading to the following conclusions.

As shown in Table 2, the model DySynGAT has certain advantages on both the
Restaurant and Laptop datasets. Although the accuracy (76.36%) on the Twitter dataset is
second only to DualGCN (76.41%), the F1 value (75.58%) is still the best. The results show
that DySynGAT effectively captures the information of emotional words related to aspect
words, and suppresses the problems of parsing errors and cross-sentence noise interference.

Table 2. Performance of different models on three datasets, with the best result in bold and the
second best result underlined. Some results are obtained by reproducing the original results and are
marked with *.

Model
Laptop Restaurant Twitter MAMS

Accuracy F1 Accuracy F1 Accuracy F1 Accuracy F1

TD-LSTM 70.45 64.78 78.73 68.75 69.85 67.85 —— ——
ATAE-LSTM 71.90 67.97 79.44 69.15 70.28 68.51 —— ——

MemNet 72.64 65.17 79.61 69.64 71.48 69.90 —— ——
IAN 72.05 67.38 79.26 70.09 72.50 70.81 76.60 ——
AOA 72.62 67.52 79.97 70.42 72.31 70.25 —— ——

ASGCN 75.29 70.67 80.80 71.51 71.56 70.40 —— ——
DualGCN * 79.61 76.12 85.22 79.10 76.41 74.92 —— ——
BERT-PT * 77.88 74.86 83.79 76.36 —— —— —— ——
BERT-SPC 77.62 74.06 83.05 76.44 73.21 71.56 82.82 81.90

TGCN-BERT * 79.28 75.21 86.24 79.55 75.24 74.09 82.58 82.06
AEN-BERT * 78.35 74.62 83.03 74.21 73.88 72.56 —— ——

TD-GAT 74.67 71.76 80.93 71.86 71.78 70.83 —— ——
SAGAT-BERT * 79.24 74.56 84.08 78.63 74.32 73.83 —— ——

EK-GCN 78.46 76.54 83.96 74.93 75.84 74.57 —— ——
FITE-GAT 76.96 73.23 83.43 73.78 74.46 73.06 —— ——

DySynGAT 81.17 78.11 85.79 79.18 76.36 75.58 82.85 82.68

Although ASGCN models grammatical relations by introducing syntactic dependency
trees, its static dependency structure is vulnerable to syntactic parsing errors and difficult to
adapt to dynamic semantic changes in complex sentence structures. In contrast, DySynGAT
integrates complementary syntactic perspectives from both constituent and dependency
trees, thereby constructing a syntactically enriched representation that enhances structural
robustness and linguistic comprehensiveness. Furthermore, the Localized Graph Attention
Network module dynamically assigns attention weights to syntactic edges within localized
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neighborhoods, which not only mitigates the over-smoothing problem prevalent in stan-
dard GAT, but also reduces noise propagation from irrelevant or erroneous dependencies.
This design enables DySynGAT to better preserve local structural integrity and adaptively
focus on salient syntactic paths.

The DySynGAT model in this paper explicitly models multi-level syntactic associations
such as phrase boundaries and subject–predicate relationships through a dynamic semantic
enhancement module and a syntactic awareness graph aggregation module. This effectively
suppresses the fragmentation of sentence components and significantly reduces the impact
of structural noise on model performance. In addition, the model designs a cross-aspect
relationship modeling module to improve the accuracy of sentiment analysis in complex
sentence structures. Experimental results show that this model improves the F1 score
of SAGAT-BERT by 3.55%, 0.55%, and 1.75% on the Laptop, Restaurant, and Twitter
datasets, respectively.

Compared with DualGCN, DySynGAT improves the F1 score by 2.99%, 0.08%, and
0.66% on the Laptop, Restaurant, and Twitter datasets, respectively. This consistent gain,
especially the significant improvement on the Laptop dataset, underscores the effectiveness
of our LGAT in noise suppression and the value of fusing dual syntactic trees. Compared
to TD-GAT, which utilizes only a single dependency tree, our LGAT innovatively fuses a
multi-level adjacency matrix derived from both constituent and dependency trees, enabling
a more holistic understanding of sentence structure.

In summary, DySynGAT achieves better performance through a synergistic integration
of three complementary mechanisms: (1) dynamic semantic enhancement suppresses
structural noise and component fragmentation by combining bidirectional sequential
modeling, channel recalibration, and multi-scale trend sensing, ensuring context-aware,
dynamically weighted representations; (2) syntax-aware graph aggregation leverages
LGAT to fuse adjacency matrices from constituent and dependency trees, capturing both
localized syntactic dependencies and global semantic relationships while overcoming the
limitations of single-tree approaches; and (3) cross-aspect relationship modeling explicitly
encodes long-range affective interactions across sentences, critical for handling discourse-
rich contexts with contrasting opinions or contextual shifts. These mechanisms collectively
address critical shortcomings of prior methods—such as static feature representations and
single-tree biases—by enabling context-aware noise suppression, syntactic coherence, and
cross-sentence decoupling. Experimental results on benchmarks like the Laptop dataset
demonstrate consistent improvements, validating the effectiveness of this holistic design in
modeling fine-grained dependencies and global semantic coherence in complex scenarios.

4.5. Ablation Experiments

A systematic ablation study was conducted to evaluate the contribution of each core
component in the DySynGAT model for the sentiment classification task, with the results
presented in Table 3. Several variants of DySynGAT were constructed sequentially.

Disabling the semantic enhancement module (DySynGAT-w/o-Semantic) led to F1
score reductions of 2.67%, 1.02%, 1.38%, and 1.51% on the Laptop, Restaurant, Twitter, and
MAMS datasets, respectively. This performance degradation indicates that the semantic
enhancement module plays a critical role in integrating local and global contextual informa-
tion, thereby enhancing the representation capability of aspect-related semantics. To further
validate the rationality and effectiveness of this module, ablation experiments were also
conducted on its internal components. First, removing the BiLSTM component (DySynGAT-
w/o-BiLSTM) resulted in a significant performance drop, with an F1 decrease of 2.94%
on the Twitter dataset, highlighting the importance of sequential modeling in capturing
contextual dependencies. Next, eliminating the SENet component caused F1 score drops
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of 2.17%, 3.03%, 1.98%, and 0.86% across the four datasets, confirming its effectiveness
in adaptively strengthening important feature responses through channel-wise attention.
Subsequently, removing the multi-scale trend sensing attention module led to F1 reductions
of 2.90%, 1.06%, 0.95%, and 0.49% on the four datasets, respectively, demonstrating its
particularly significant contribution on the Laptop dataset.

Table 3. Ablation results for this model; “w/o” indicates the removal of a portion of the
model structure.

Model
Laptop Restaurant Twitter MAMS

Accuracy F1 Accuracy F1 Accuracy F1 Accuracy F1

DySynGAT 81.17 78.11 85.79 79.18 76.36 75.58 82.85 82.68
DySynGAT-w/o-Fusion 80.01 76.08 84.15 77.93 76.17 75.21 82.31 82.54

DySynGAT-w/o-Semantic 78.95 75.44 84.89 78.16 75.18 74.20 81.81 81.17
DySynGAT-w/o-BiLSTM 80.96 77.61 84.36 77.41 74.29 72.64 82.78 82.25

DySynGAT-w/o-SEN 79.27 75.94 84.71 76.15 75.33 73.60 82.13 81.82
DySynGAT-w/o-MTA 78.79 75.21 85.25 78.12 75.18 74.63 82.70 82.19

DySynGAT-w/o-CrossAspect 79.74 76.13 84.09 76.41 74.29 72.63 81.30 80.95
DySynGAT-w/o- SRA 80.22 77.04 85.07 77.72 75.03 74.09 82.48 82.17
DySynGAT-w/o-LGAT 80.06 76.66 85.43 77.11 75.48 73.85 82.04 81.31

The removal of key modules, and their performances, were evaluated on four benchmark datasets: Laptop,
Restaurant, Twitter, and MAMS.

Removing the SRA module resulted in a noticeable performance decline, with F1
score reductions of 1.07%, 1.46%, 1.49%, and 0.51% on the four datasets, respectively. This
demonstrates that the SRA module effectively filters out syntactic noise and suppresses
irrelevant cross-clause dependencies, thereby enhancing the model’s focus on sentiment-
bearing phrases. Furthermore, the significant performance degradation observed when the
LGAT module was removed confirms its effectiveness in modeling syntactic dependencies
through the dynamic fusion of constituent trees and dependency trees, enabling more
accurate capture of the relationships between aspect terms and their modifiers.

Disabling the feature fusion module (DySynGAT-w/o-Fusion) and instead adopting a
concatenation-based approach for feature integration led to F1 score drops of 2.03%, 1.25%,
0.37%, and 0.14% on the four datasets, respectively. Moreover, this modification doubled
the model training time, indicating that effective feature fusion is crucial for constructing
robust semantic representations and improving training efficiency.

Finally, removing the cross-aspect relationship modeling module (DySyn-GAT-w/
o-CrossAspect) led to a significant performance degradation, with F1 score reductions of
1.98%, 2.77%, 2.95%, and 1.73% on the respective datasets. This clearly demonstrates the
indispensable role of this module in modeling interactive relationships among multiple
aspects and enhancing the model’s holistic sentiment understanding capability.

In summary, the significant performance degradation observed upon removing any
core module confirms the unique and effective contribution of each component to the
overall capability of the DySynGAT model, and further validates the effectiveness of the
proposed architecture.

4.6. Effect of LGAT Layer Number

An important parameter affecting the performance of the DySynGAT model is the
number of LGAT layers L. We observe the impact of changing the number of layers on the
model’s performance on the three datasets, as shown in Figure 4. When the number of
layers in the LGAT module is L = 2, this model performs well on the three datasets. When
L < 2, the model can only capture shallow grammatical dependencies of local phrases,
and cannot effectively model nested structures or long-distance modification relationships,
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resulting in misjudgments. When L > 2, the node features are smoothed after multiple
aggregations, and the high-level features lose local details, resulting in worse results. When
L = 5, the model’s performance on some dataset rebounds, indicating that the model
mitigates the oversmoothing problem through residual connections and an adaptive gating
mechanism. In addition, the structure L = 5 may be more suitable for specific complex
sentence patterns that exist in the data, improving its performance in specific scenarios.
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Figure 4. Experimental results of different LGAT layers.

4.7. Case Study

We conducted a case study of the original model and two variants and used two
example sentences for discussion, the results of which are shown in Table 4. In the first
sentence, because the semicolon separates the context into independent clauses, the depen-
dency tree parser incorrectly connects “screen display” with “charging speed” after the
semicolon, resulting in an incorrect polarity judgment in the w/o-Semantic model. The
original model and the w/o-LGAT variant were recalibrated through channel recalibration,
adaptively reducing the fusion weight of the syntactic channel and increasing the weight
of the semantic channel during training, thereby accurately predicting the negative polarity
of aspect words. In the analysis of the second sentence, due to the deep dependency
tree structure caused by the contrastive structure introduced by the logical conjunction
“Although”, the w/o-LGAT model failed to capture the dependency path due to the lack of
a syntactic aggregation module, incorrectly associating “steak” with the irrelevant word
“side dishes”, resulting in a neutral prediction. The original model correctly identifies the
negative polarity of “steak” by aggregating multi-level graph attention through the LGAT
module and dynamically integrating the phrase segmentation of the constituent tree and
the fine-grained relationships of the dependency tree. Comparative experiments show that
variants without semantic modules (w/o-Semantic) are unable to model the contrastive
meaning of logical connectives, incorrectly associating “restaurant” with the negative word
“hard,” thereby validating the necessity of semantic enhancement.

For the sentence “I’ve had it for about 2 months now and found no issues with software
or updates,” DySynGAT effectively disentangled the explicit negation (“no issues”) from
the implicit positive inference, whereas w/o-Semantic failed to reconcile the contradiction
between the absence of problems and the implied endorsement. Meanwhile, w/o-LGAT
achieved partial accuracy by focusing on semantic cues. In the second case (“No installation
disk is included”), DySynGAT accurately treated the statement as neutral by isolating
the factual assertion from potential user expectations, while w/o-Semantic erroneously
projected a negative sentiment by conflating the negation with dissatisfaction.
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Table 4. Pos, neg, and neu stand for positive, negative, and neutral, respectively. Aspects are shown
in bold, with incorrect predictions indicated by a × and correct predictions indicated by a

√
.

Sentence Aspects DySynGAT w/o-
Semantic

w/o-
LGAT

The screen display effect is very delicate and the
colors are bright; But the battery life is extremely
poor and the charging speed is also disappointing.

screen display
battery life

charging speed

Pos
√

Pos
Neg

√
Neg

Neg
√

Neg

Pos ×Neu
Neg ×Neu
Neg ×Neu

Pos
√

Pos
Neg ×Neu
Neg ×Neu

Although the restaurant has an elegant
environment and friendly waiters, the main steak is
hard, and the side dishes are nothing new.

restaurant
steak

side dishes

Pos
√

Pos
Neg

√
Neg

Neg
√

Neg

Pos ×Neu
Neg

√
Neg

Neg
√

Neg

Pos
√

Pos
Neg ×Neu
Neg

√
Neg

I’ve had it for about 2 months now and found no
issues with software or updates.

software
updates

Pos
√

Pos
Pos

√
Pos

Pos ×Neu
Pos ×Neu

Pos
√

Pos
Pos

√
Pos

No installation disk is included. installation disk Neu
√

Neu Neg ×Neg Neu
√

Neu

5. Conclusions
This study proposes DySynGAT, a dual-tree-guided framework for Aspect-Based

Sentiment Analysis (ABSA), designed to address the challenges of fine-grained sentiment
polarity prediction in multi-aspect contexts. By integrating constituent and dependency
trees, DySynGAT explicitly models syntactic–semantic interactions, effectively suppressing
structural noise and mitigating long-distance dependency interference. The dynamic
semantic enhancement module captures contextual cues around aspect terms, while the
syntactic perceptual graph aggregation module refines structural representations. A cross-
aspect relationship modeling module further constructs dynamic sparse graphs to resolve
contradictions among co-occurring aspects. Experimental results on four domain datasets
demonstrate that DySynGAT outperforms traditional models, particularly in scenarios
with complex emotional expressions and multi-aspect conflicts.

In future work, the team aims to improve the model’s ability to process long texts. We
plan to improve the input encoder to better capture the semantic information of long texts.
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