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ABSTRACT Accurate semantic analysis and translation of complex English sentences are essential for
intelligent information interaction and multilingual communication in modern digital systems, including
semantic communication frameworks and electromagnetic-enabled intelligent networks. To address seman-
tic omissions and logical inconsistencies caused by long-distance dependencies and referential ambiguity,
this study proposes a GAT-BiLSTM fusion model that integrates dependency syntactic analysis with graph
attention mechanisms and bidirectional long short-term memory networks. A lightweight semantic graph
is first constructed to capture structural dependencies, after which graph representations are adaptively
fused with contextual features through a gating mechanism to obtain unified semantic embeddings.
During decoding, semantic gating and multi-head attention collaboratively enhance contextual coherence
and semantic alignment. Experimental results demonstrate that the proposed model achieves a BLEU
score exceeding 68.7, subject and action semantic matching scores of 0.88 and 0.84, respectively, and
a syntactic structure retention rate of 72% for complex sentences. The proposed framework effectively
improves translation fidelity and semantic consistency while exhibiting strong robustness for structurally
complex inputs. Furthermore, the semantic modeling strategy provides methodological support for
multilingual information processing, semantic communication, and intelligent human– machine interaction
in electromagnetic wave propagation and wireless communication environments.

INDEX TERMS semantic analysis, graph attention network, bidirectional long short-term memory,
semantic communication, electromagnetic information processing

I. INTRODUCTION

NATURAL language processing (NLP) is one of the
core technologies in the field of artificial intelligence,

finding wide application in areas such as machine trans-
lation and speech recognition. However, existing transla-
tion models still face many challenges when dealing with
sentences with complex structures or ambiguous seman-
tics [1,2]. Complex sentences are represented differently
in different language pairs. In English–Chinese translation,
syntactic structure transformation relies more on word-
order adjustments, whereas in English–German translation,
subject-verb reversal and noun clauses are more frequent.
Translation models exhibit different structural shift risks and
semantic ambiguity misjudgments across different language
pairs. Improving translation accuracy, fluency, and semantic
consistency, and demonstrating robustness in translating
complex sentences in different language structures, have
become key tasks in current translation system modeling

[3-4]. The semantic consistency emphasized in this work
concerns the internal structure of individual sentences, and
the modeling pipeline is built upon sentence-level input pat-
terns. Major challenges facing translation models include the
handling of long-range dependencies and polysemy within
sentence-level structures, which demand refined modeling
of internal semantic relations. Traditional neural machine
translation (NMT) models often fail to fully capture the deep
semantic relationships within sentences when addressing
these issues [5-6]. Especially for complex sentences, the
model lacks a comprehensive understanding of grammar
and semantics, resulting in a serious lack of logicality and
linguistic fluency in the translation results [7-8]. Although
existing improvement methods have made some progress,
they still fail to effectively address core issues such as
polysemy and syntactic ambiguity [9-10].

Currently, many studies have adopted LSTM-based meth-
ods and combined them with attention mechanisms to

VOL. 15, NO. 3, AUGUST 2026 849



J. Leng et al.

improve translation quality. In addition, some studies have
attempted to combine dependency syntactic analysis with
translation models to enhance the expression of syntactic
structure [11-12]. However, most of these methods still
focus on short-term dependency modeling, ignoring the deep
semantic understanding of long-range dependencies and pol-
ysemy, resulting in deficiencies in translation accuracy and
intra-sentence contextual consistency [13-14]. To address
the above issues, this paper proposes a GAT-BiLSTM Fusion
Model. This method generates a lightweight semantic graph
through dependency syntactic analysis and uses GAT to
extract semantic dependency features, providing a unified
semantic understanding of the sentence during the encod-
ing stage. Furthermore, the semantic graph information is
fused with the BiLSTM encoding results through a gating
mechanism to construct a more accurate semantic represen-
tation. During the decoding phase, a multi-head attention
mechanism and semantic gating mechanism are utilized to
guide the translation model to pay greater attention to intra-
sentence contextual consistency and semantic coherence,
thereby improving translation quality. Through this multi-
level semantic modeling, this paper aims to address the
shortcomings of traditional models in semantic understand-
ing and syntactic structure, and shows potential in improving
the logical consistency and linguistic quality of the transla-
tion results. The structural design of the semantic interaction
mechanism refers to the node information propagation rules
based on adjacency weights in graph neural networks. In
combination with the language processing model in cogni-
tive linguistics that uses core semantics to drive information
integration, a learnable semantic gating path is applied to
match the dynamic distribution characteristics of semantic
focus shifts core semantic elements during the generation
of complex, dynamic fabric patterns.

II. RELATED WORK
In recent years, LSTM has demonstrated excellent sequence
modeling capabilities in NLP tasks and has become an
important infrastructure for sentence semantic analysis and
language generation. Setyanto et al. [15] combined bidirec-
tional LSTM with contextual feature modeling and designed
a dynamic redundancy removal mechanism that effectively
removed high-frequency repeated words by learning contex-
tual information, improving document processing efficiency
while maintaining semantic integrity. This type of semantic
preservation strategy has promoted the further evolution of
context-sensitive language models [16-17]. Subsequently,
Preethi et al. [18] combined the LSTM deep stacking
structure with fastText word embedding and verified the
representation advantage of the three-layer LSTM archi-
tecture for Arabic tweets in the sentiment analysis task,
demonstrating the synergistic effect of word embedding and
deep network on semantic modeling of specific languages.
The promotion of deep structures also provides inspiration
for the adaptation of translation systems in complex lan-
guage environments [19-20]. In terms of translation tasks,

Ren et al. [21] constructed a Skip Convolutional Network-
LSTM model and verified it on real corpus. The model
outperformed traditional models in terms of accuracy and
teaching adaptability, strengthening the application founda-
tion of neural translation in educational scenarios. These
studies show that LSTM networks have good scalability
in semantic mining and language generation, but still have
obvious deficiencies in modeling long-distance dependen-
cies, comprehensive utilization of structural information,
and cross-sentence semantic unification [22-23].

In the field of semantic analysis and NMT, improving
the translation system’s ability to model long-term sentence
structure and semantic dependencies has become a research
focus. The bidirectional Gated Recur rent Unit network
designed by Wang et al. [24] combined part-of-speech se-
quence information to enhance context processing and long-
range dependency understanding capabilities, effectively
improving translation accuracy, reducing semantic analysis
errors under complex sentence structures, and providing
deep expres sion support for multi-layer semantic modeling.
This improvement idea has promoted the in-depth use of
contextual structure information in translation optimization
[25-26]. In the translation model paradigm, Li et al. [27]
summarized the modeling strategies under different architec-
tures based on the non-autoregressive mechanism, revealed
that while it improved decoding speed, it had accuracy
bottlenecks in long sentence prediction and sequence learn-
ing, and put forward higher requirements for the practical
performance of the current model. In terms of structural
fusion, Wang et al. [28] jointly modeled convolutional neural
networks with LSTM and applied an attention mechanism
to improve the model’s attention to the position information
of long sentences, significantly improving the BLEU value
and strengthening the overall coherence of the translation
results. Although these studies have achieved phased results
in semantic modeling, decoding optimization, and structural
enhancement, they still have obvious shortcomings in the
construction of multilevel semantic interactions, the com-
prehensive integration of structural dependencies, and the
maintenance of translation consistency [29-30].

III. SEMANTIC-AWARE TRANSLATION MODEL
CONSTRUCTION METHODOLOGY
This chapter focuses on the construction methodology
of the GAT-BiLSTM Fusion Model. The modeling units
throughout the system are single sentences, and the graph
construction, dual-channel representation, and subsequent
generation stages remain within this semantic boundary.
Based on multi-level language structure modeling and se-
mantic interaction mechanisms, an end-to-end translation
modeling framework is designed. The overall approach takes
the original English sentence as input and first constructs a
structurally constrained semantic graph through dependency
syntactic analysis. A syntactic consistency control strategy
is then applied to sparsify the edge structure. During the
modeling phase, a dual-channel semantic encoding mod-
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ule consisting of a GAT and a bidirectional LSTM is
employed to extract multi-dimensional semantic features
from both the structural and contextual levels, respectively.
Multi-channel semantic fusion is achieved through a gating
mechanism. Finally, during the decoding phase, multi-head
attention and a semantic gating mechanism are applied to
collaboratively model the translation generation process,
enhancing the dynamic selection of contextual information
while maintaining semantic consistency. Figure 1 illustrates
the overall modeling process of the GAT-BiLSTM Fusion
Model, including input, graph construction, dual-channel
modeling, fusion mechanism, decoding control, and output
layers, demonstrating the deep integration of structural and
contextual semantics.

A. DEPENDENCY SYNTAX-DRIVEN SEMANTIC GRAPH
CONSTRUCTION
To construct a lightweight semantic graph that is highly
consistent with the syntactic structure for the GAT-BiLSTM
Fusion Model, the input English sentence is first subjected
to dependency syntactic analysis to obtain the dependency
relationships between words and their labels, and then,
a directed graph structure is constructed based on this.
The graph is derived from the sentence-level syntactic
arrangement, and no information external to the sentence
is incorporated into the structure. The nodes correspond to
the terms in the sentence, and each edge represents the
grammatical dependency relationship between two words.
The direction of the edge points to the dominant word, and
the weight of the edge is determined by the joint embedding
of the part-of-speech tag and the dependency type [31-32].
In the edge weight construction, the weight function is used:

wij = σ
(
v⊤dij tanh(W1xi +W2xj)

)
(1)

In Formula (1), xi and xj represent the word vectors
of word i and word j, respectively; dij is the embedding
vector corresponding to dependency type dij ; W1 and W2

are linear transformation matrices; σ represents the Sigmoid
activation function. This mechanism transforms the syntac-
tic dependency structure into a weighted graph structure,
effectively capturing the grammatical control direction and
semantic importance differences between words.

Node initialization uses the representation of the concate-
nation of word embedding and part-of-speech embedding,
and maps it to a unified semantic space through projection.
To ensure the sparsity and semantic directionality of the
graph structure, only the core dependency path and the short
path connection with high semantic association are retained.
The embedding representation of the node in the graph is
initialized as follows:

h
(0)
i = Eword(i)⊕ Epos(i) (2)

In Formula (2), Eword(i) is the pre-trained word vector
of word i; Epos(i) is its part-of-speech tag embedding; the
symbol ⊕ represents the vector concatenation operation.

After the construction is completed, the entire graph is
represented as G = (V,E,W ). Among them, V is the word
node set; E is the dependency edge set; W is the weight
matrix.

To reduce the redundancy and over-connection problems
caused by the graph structure construction, a syntactic struc-
ture consistency control mechanism is applied. According to
the hierarchical information of the syntactic tree, redundant
edges with large cross-layer spans are filtered out, and
dependency relations are constrained to those that preserve
direct semantic control within a limited syntactic depth.
The cross-layer span is defined as the absolute difference
between the hierarchical numbers of two nodes in the depen-
dency tree. Edges whose span exceeds two hierarchy levels
are removed, as dependency relations beyond this range
exhibit weakened semantic coupling and tend to introduce
indirect structural interference rather than contributing to
the core predicate–argument organization of the sentence. A
sparsification constraint is imposed on the adjacency matrix:

A′ = Softmax(A⊙M) (3)

The masked adjacency matrix is normalized using a
Softmax operation applied over the set of adjacent nodes
for each source node. In Formula (3), A is the original
adjacency matrix; M is the structural mask matrix, which
sets the connectivity according to the hierarchical span; the
symbol ⊙ represents the Hadamard product. The Softmax
operation is applied row-wise, normalizing the outgoing
edge weights of each node over its directly connected
neighbors, ensuring that attention propagation is constrained
within the local dependency neighborhood. The hierarchical
indices used for this masking correspond to the depth posi-
tions assigned during dependency parsing. Fixing the span
threshold at two enforces a structurally bounded propagation
range in the semantic graph, ensuring that information ex-
change is dominated by locally controlled syntactic relations
while preventing excessive graph densification caused by
long-distance dependency links. During the graph construc-
tion process, each word node retains its syntactic position
index and its hierarchical number in the syntactic tree, pro-
viding structural information for the subsequent graph neu-
ral network to perform hierarchical control-based message
passing. After the graph structure is constructed, structural
statistics are computed over the test corpus. To characterize
graph properties under different sentence complexity levels,
the test sentences are partitioned into five subsets denoted
as G1–G5 according to sentence length and dependency
tree depth. The corresponding semantic graph statistics are
summarized in Table 1, reflecting average dependency level,
node connectivity, and edge weight distribution patterns
within each subset.

All values reported in Table 1 are averaged within each
subset, ensuring that the presented graph characteristics
reflect stable distributional properties derived from hundreds
of sentence instances rather than isolated examples.
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FIGURE 1. Overall modeling framework of this paper’s semantic-aware translation model

TABLE 1. Statistics of semantic graph structure features

Subset (Number of sentences) Average dependency level Average node out-degree Valid edge weight distribution range

G1 (412) 4.2 2.7 [0.35, 0.87]
G2 (398) 3.9 3.1 [0.42, 0.90]
G3 (427) 4.5 2.5 [0.38, 0.84]
G4 (405) 3.7 2.9 [0.40, 0.92]
G5 (389) 4.0 3.0 [0.33, 0.88]

B. DUAL-CHANNEL SEMANTIC REPRESENTATION
LEARNING MECHANISM
In the unified semantic modeling framework of the GAT-
BiLSTM Fusion Model, to fully capture the structural
dependency and contextual semantic information between
terms, a dual-channel semantic representation path is con-
structed: the first is to perform feature propagation and
structural modeling on the dependency semantic graph based
on GAT, and the second is to perform contextual modeling
on the word sequence based on the bidirectional long short-
term memory network. The input of the graph channel is
the weighted dependency graph constructed in the previous
section; the word node embedding is used as the initial
feature; the graph attention mechanism is used for multi-
head feature extraction [33-34]. Each layer of the graph
attention mechanism completes information aggregation by
calculating the attention weights between nodes, which is
specifically expressed as follows:

h
(l+1)
i = σ

 ∑
j∈N(i)

α
(l)
ij W

(l)h
(l)
j

 (4)

In Formula (4), h(l)
j is the feature representation of node

j in the l-th layer; α
(l)
ij is the attention weight from node

j to i; W (l) is the learnable transformation matrix; σ is
the nonlinear activation function; N(i) represents the set of
adjacent nodes of node i. The multi-head mechanism forms
a unified structural semantic representation by splicing the
output of each head, thereby enhancing the expressive power
of graph space modeling.

The sequential channel performs bidirectional modeling
on the word sequence of the input sentence based on
BiLSTM to capture the semantic dependency relationship
before and after the context. The input word sequence is
represented as a vector sequence {xt}nt=1 after embedding
mapping, which serves as the input sequence of BiLSTM.
The BiLSTM network consists of a forward LSTM and a
backward LSTM. For each word embedding xt, the forward
hidden state

−→
h t and the backward hidden state

←−
h t are

obtained, respectively, and the context encoding result is
obtained after splicing:

hseq
t =

−→
h t ⊕

←−
h t (5)

In Formula (5), ⊕ represents the splicing operation.
This representation integrates the sequence semantics into
the current word, forming a word vector sequence with
complete semantics within the sentence, which is used to
supplement the structural modeling blind spots of the graph
channel.

To achieve the information fusion of the two types of
semantic representation paths, a gated fusion mechanism is
applied to construct a unified deep semantic representation.
The gated unit controls the selective injection of information
based on the mutual comparison of the features of the graph
and sequence channels, and its forms are:

zt = σ
(
Wg[h

seq
t ⊕ hgraph

t ] + bg

)
(6)

hfusion
t = zt ⊙ hseq

t + (1− zt)⊙ hgraph
t (7)

In Formulas (6) and (7), hgraph
t represents the output of

the graph channel; Wg and bg are trainable parameters;
⊙ represents the Hadamard product; zt is the fusion gate
vector, which determines the weighted ratio of the two types
of semantic representations.

The fused representation sequence {hfusion
t } is used as the

input of the decoding stage to provide complete semantic
support for the generation stage. The gating unit implements
an element-wise adaptive fusion strategy. This node-specific
mechanism computes a dedicated gate vector for each word
position, dynamically balancing the contributions from the
structural graph features and contextual sequence informa-
tion. The formulation addresses the variable reliance on
structural versus contextual cues across different parts of
a sentence. During feature extraction, the number of graph
attention layers and BiLSTM layers are set synchronously
to ensure consistency in the fused structure. To verify the
effectiveness of the fused features, the activation responses
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of node representations before and after semantic fusion
are measured at the output of the gated fusion layer. The
activation magnitude is computed as the L2 norm of the
fused hidden representation for each node position. Table
2 lists the average activation difference magnitudes and
grammatical categories of typical nodes in the dual-channel
representation.

All activation values are normalized within each sentence
by the maximum node activation, and the reported statistics
are obtained by averaging over all sentence instances in the
test set.

The dual-channel semantic representation mechanism
provides semantically complete and well-structured repre-
sentation input for the subsequent translation generation
stage, improving the semantic parsing

capability while maintaining grammatical consistency,
and enhancing the model’s parsing stability for long depen-
dencies and semantic ambiguity in complex sentences. This
module plays a key role in semantic construction in the
overall model structure and is the core bridge connecting
input preprocessing and translation generation.

C. DECODER DESIGN AND SEMANTICALLY
ENHANCED TRANSLATION GENERATION
The translation generation stage of the GAT-BiLSTM Fusion
Model is built on the attention decoder architecture, inte-
grating graph structure semantic information and dynamic
semantic guidance mechanism on the basic sequence gen-
eration model to achieve optimal control of context consis-
tency and semantic coherence. The decoder core consists
of a gated semantic application mechanism and a multi-
head attention module, and the input is the fused deep
semantic representation sequence {hfusion

t }. When decoding
each target word, the system dynamically selects the focus
area based on the translation state vector at the previous
moment, the generated partial translation, and the encoded
representation, and selects the adaptive semantic inflow
intensity at the current moment [35].

The semantic information of the graph structure is rep-
resented by embedding the decoder state through the graph
attention context vector. At each time t, the current decoding
context vector ct is constructed as the result of multi-source
attention weighting:

ct =

n∑
i=1

α
(s)
t,i h

fusion
i +

n∑
j=1

α
(g)
t,j h

graph
j (8)

In Formula (8), α(s)
t,i represents the attention distribution

based on the sequence path; α(g)
t,j represents the attention dis-

tribution under the graph path; hfusion
i and hgraph

j represent
the fusion channel and the structure channel, respectively.
Both attention distributions are obtained by weighting the
hidden state of the previous moment and the representation
of each node to ensure that the structural information and
contextual semantics are guided synchronously during the

generation process. The inclusion of the separate structural
channel hgraph

j alongside the fused representation hfusion
i in

the decoder attention provides a direct pathway to structure-
biased semantic representations derived from dependency
relations. While hfusion

i integrates structural and sequential
information into a unified semantic space, the hgraph

j chan-
nel preserves semantic features that remain strongly guided
by syntactic dependency topology. The explicit inclusion of
hgraph
j allows the decoder to directly access and prioritize

structure-biased semantic representations when generating
words that are sensitive to dependency-controlled relations,
such as verbs and function words that are constrained by
sentence-level structure. This design ensures that crucial
syntactic cues are not diluted during the generation process.

To improve the decoder’s adaptability to semantic consis-
tency, a semantic gating mechanism is applied to dynami-
cally regulate the injection ratio of graph-derived semantic
information. This mechanism modulates the information
channel opening based on the compatibility between the
current decoder state and the incoming semantic repre-
sentation, allowing the model to adaptively emphasize or
suppress structural semantic cues during word generation.
Its calculation methods are:

gt = σ(Wsst−1 +Wcct + bg) (9)

s̃t = gt ⊙ ct + (1− gt)⊙ st−1 (10)

In Formulas (9) and (10), st−1 is the decoder state at the
previous moment; Ws and Wc are trainable transformation
matrices; gt is the gating vector; s̃t represents the current
state after gating adjustment, which serves as the basis
for the next state update and word distribution prediction.
This structure regulates the influence strength of structural
semantics on the decoding state, stabilizing the integration
of contextual and graph-based information during language
generation.

To understand the effect of the semantic gating mecha-
nism on attention regulation during translation generation,
Figure 2 compares the changes in contextual attention
distribution during the decoding phase under different mech-
anisms. The left figure shows the attention heatmap without
the gating mechanism, showing a uniform distribution of at-
tention weights and a lack of focus on semantic stem words.
The right figure shows the results after the gating mechanism
is applied, with attention focused on the semantic core area
and a significant increase in the model’s response to key
structural words. The red dotted line indicates the location
of enhanced attention, indicating that the gating mechanism
effectively guides the flow of contextual semantics and
improves the semantic aggregation ability of the generation
path.

To fully utilize the multi-level semantic associations in the
context, a multi-head attention mechanism is applied inside
the decoder, and the query vector interacts with different
linear projection subspaces, respectively, thereby learning
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TABLE 2. Activation changes after dual-channel representation fusion by node category

Node grammatical category Number of nodes Average activation value before fusion Average activation value after fusion Activation difference change rate

Subject 62 0.472 0.638 35.2%
Predicate 58 0.451 0.612 35.7%
Object 49 0.498 0.653 31.1%
Modifier 73 0.421 0.569 35.2%
Conjunction 35 0.390 0.514 31.8%

FIGURE 2. Comparison of context attention response distribution before and after the application of semantic gating mechanism: (a)
Attention distribution before the application of semantic gating mechanism; (b) Attention distribution after the application of semantic

gating mechanism

multiple heterogeneous semantic alignment mappings. For
each head h, the context vector is calculated as follows:

headh = Attention(Qh,Kh, Vh) (11)

The attention function adopts the scaled dot-product at-
tention formulation, where similarity between query and
key vectors is computed through scaled inner products to
ensure stable gradient behavior during multi-head semantic
alignment. In Formula (11), Qh = WQ

h H , Vh = WV
h st−1,

and Kh = WK
h H . H represents the entire semantic

representation of the encoding stage, and WQ
h , WV

h , and
WK

h are the corresponding linear projection matrices for
query, key, and value vectors. The attention weight com-
putation follows scaled dot-product normalization, ensuring
that attention distributions remain numerically stable across
different representation dimensions. The outputs of all heads
are concatenated and then transformed into the final seman-
tically enhanced context representation through a layer of
linear transformation to guide the probability distribution of
vocabulary generation.

The prediction of the translated word depends on the
joint representation of the current decoding state and the
semantically enhanced context, and the generated probabil-
ity distribution is:

P (yt | y<t, X) = Softmax (Wo[s̃t ⊕ ct] + bo) (12)

In Formula (12), yt is the current target word; y<t

represents the previously generated sequence; X is the input
source sentence; Wo and bo are the output layer parameters.

IV. EXPERIMENTAL SETUP AND EVALUATION
STRATEGY

A. DATASET AND PREPROCESSING STRATEGY
For the experiment, the English–Chinese parallel corpus
from the WMT14 translation benchmark is adopted, fo-
cusing on sentence pairs that exhibit complex syntactic
structures and rich semantic relations. The corpus contains
approximately 4.5 million aligned sentence pairs drawn
from diverse news and formal text sources, covering a
wide range of sentence patterns, from simple declarative
structures to sentences with nested clauses, inversions, and
long-distance dependencies. All experiments are conducted
under a fixed English-to-Chinese translation direction. The
evaluation samples function as independent sentence in-
stances, and the metrics capture the preservation of semantic
and syntactic relations within each sentence.

The dataset is partitioned following a standard split pro-
tocol. Approximately 90% of the sentence pairs are used
for model training, 5% are reserved as a development set
for parameter tuning and early stopping, and the remaining
5% constitute the test set for final performance evaluation.
This partitioning ensures that the reported results reflect
generalization performance on unseen sentence structures
rather than memorization of training patterns.

The data undergoes rigorous preprocessing, including
word segmentation, part-of-speech tagging, and the con-
struction of syntactic dependencies. Word segmentation
utilizes deep learning-based segmentation models to ensure
precise boundary identification for each word unit. Part-of-
speech tagging employs state-of-the-art annotation tools to
improve labeling accuracy and ensure that the grammatical
category of each word is reliably identified. Dependency
syntactic analysis is performed using the Stanford Parser
to extract word-level dependency relations and hierarchical
tree structures.
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To mitigate the impact of potential parsing errors on
the graph structure, the sparsification strategy described in
Section 3.1 is applied. This process removes dependency
edges with large cross-layer spans, filtering out connections
that are more likely to be erroneous or structurally redun-
dant, thereby enhancing the robustness and stability of the
constructed semantic graph.

To construct the semantic graph, a dependency parser
is applied to each input sentence, generating a word-to-
word dependency graph. This graph provides the internal
grammatical structure of the sentence and serves as the
foundation for subsequent graph attention modeling. Dur-
ing graph construction, information from all levels of the
syntactic tree is considered, while sparsification removes
unnecessary connections and retains only structurally and
semantically salient dependency relations. The resulting
graph generates a node representation for each word, where
each node contains the word embedding and its associated
syntactic information, forming the structural input for the
graph attention network.

B. EXPERIMENTAL ENVIRONMENT AND PARAMETER
CONFIGURATION
The experiments are conducted on the PyTorch platform,
relying on high-performance computing resources for train-
ing and testing. The experimental hardware configuration
consists of an NVIDIA A100 Graphics Processing Unit
with 80GB of on-board video memory, deployed on a high-
performance computing server equipped with 128GB of
system memory and 8TB of storage. All experiments are
run in this environment, ensuring efficient and stable model
training.

In the experiments, a series of key parameter configura-
tions are employed to ensure the validity of the experimental
results. The learning rate is set to 0.0001, and the Adaptive
Moment Estimation optimizer is used for model training
to ensure fast and stable convergence. A batch size of 32
is used for each training epoch, ensuring efficient training
within computing resource constraints. To avoid overfitting,
a dropout rate of 0.5 is used to enhance the model’s
generalization ability. The number of training epochs is set
to 50 to ensure sufficient learning of the semantic features
in the data. During training, the cross-entropy loss function
is used, and the model’s performance on the validation set
is periodically evaluated.

C. COMPARISON METHOD AND EVALUATION INDEX
SETTING
This experiment comprehensively evaluates the translation
performance and semantic processing capabilities of the
proposed model by comparing it with four mainstream trans-
lation models. The models include the traditional Seq2Seq
(Sequence to Sequence) architecture, the Transformer, the
BiLSTM, and the GAT-based BiLSTM-GAT. All models
are tested on the same training dataset and experimental
environment to ensure fair and reliable results. The eval-

uation metrics used in the experiment focus on three as-
pects: BLEU score, semantic match, and syntactic structure
retention. These metrics cover translation quality, semantic
consistency, and syntactic correctness.

The BLEU score is used to assess the accuracy of trans-
lation results and is calculated based on the n-gram overlap
between the predicted sentence and the reference sentence.
In this study, BLEU is computed at the sentence level
to reflect fine-grained translation behavior under different
structural conditions, and all reported values are aggregated
within the scope of their corresponding experimental tasks.
The assessment focuses on sentence-level translation quality,
and the analysis remains constrained to sentence-internal se-
mantic organization. Semantic match measures the model’s
preservation of the core semantics of the sentence during
translation, primarily by comparing the semantic compo-
nents of the translated sentence with those of the reference
sentence. The syntactic structure retention rate focuses on
analyzing the degree of preservation of syntactic structure
during the translation process, especially how to accurately
restore the grammatical structure of the original sentence
when dealing with complex sentence patterns.

The semantic match metric quantifies the alignment of
core semantic components between the translated sentence
and the reference by evaluating role-level semantic consis-
tency. The metric is computed using Semantic Role Labeling
applied within a unified annotation space. For each sen-
tence pair, the generated target-language translation is first
mapped back into English using the same translation sys-
tem configuration, ensuring semantic content preservation
without introducing external supervision. Semantic Role
Labeling is then applied to both the back-translated sentence
and the original English reference using an identical SRL
model and annotation scheme, producing comparable role
assignments across predicate–argument structures. For each
semantic dimension, such as the subject role, the semantic
match score is computed as the F1 measure derived from
the precision and recall of correctly aligned role instances
between the two analyses. This evaluation protocol avoids
cross-lingual SRL inconsistencies by constraining all role
extraction to a single language and a single annotation sys-
tem, thereby reducing metric variance caused by language-
specific labeling bias. This provides a structured assessment
of how well the model preserves predicate-argument struc-
tures.

V. TRANSLATION PERFORMANCE RESULTS AND
SEMANTIC ANALYSIS
A. BLEU SCORE COMPARISON
To further explore the performance differences between
various translation models when processing sentences with
varying structural and semantic features, this study conducts
systematic experiments using four representative neural
translation models. Model 1 is the Transformer, which uses
a self-attention mechanism to capture global dependencies
and performs reliably in modeling short-range information.
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Model 2 is a traditional Seq2Seq architecture, which pos-
sesses basic sequence modeling capabilities but lacks a
deep semantic alignment mechanism. Model 3 is a BiLSTM
encoder, whose bidirectional structure effectively captures
contextual information. Model 4 is the proposed method,
which combines a dependency syntax-driven GAT with a
BiLSTM to construct a deep semantic representation using
semantic gating units. In the experiments, test sentences
are classified into four categories: grammatical structure
complexity, semantic logical relations, syntactic variation
structure, and sentence length. For each category, discrim-
inative sentence patterns are selected to comprehensively
evaluate the adaptability and translation performance of each
model using the BLEU metric. For each structural category,
the test set consists of manually filtered sentence instances
that share similar structural patterns and complexity levels.
The relevant results are shown in Figure 3. BLEU scores are
computed at the sentence level with a smoothing strategy
applied to higher-order n-grams, and the reported values
correspond to averaged sentence-level BLEU scores within
each categorized subset.

This paper’s method demonstrates more stable BLEU per-
formance compared to other models in scenarios with highly
complex structures and long-range dependencies. In sub-
figure a, when the sentence structure transitions from simple
to inverted/elliptical, the Transformer’s BLEU score drops
from 78.5 to 55.6, a drop of 22.9 points. Seq2Seq and BiL-
STM’s drops are 21.3 and 21.0, respectively. This paper’s
method exhibits the smallest drop, only 17.5, demonstrating
its ability to preserve semantics within deep dependency
structures. In sub-figure b, for conditional and transitional
sentences, this paper’s method maintains a BLEU score
above 73, achieving a maximum improvement of 3.5 points
compared to BiLSTM, demonstrating that its semantic in-
teraction mechanism is more accurate in logical sentence
structures. In sub-figure c, under structural perturbations
such as parentheses and multiple modifiers, the semantic
consistency of the traditional model decreases significantly.
However, this paper’s method maintains a BLEU score
above 68.7 under the nonlinear structure, highlighting its
robustness guided by the graph structure. Sub-figure d shows
that the BLEU score of the traditional model fluctuates
significantly with increasing sentence length, while this
paper’s method only drops by 15.7 points from short to
extremely long sentences, far less than the 23-point drop of
the Transformer, demonstrating its advantage in modeling
long text. In summary, deep translation models based on
the semantic graph fusion mechanism demonstrate superior
generalization and semantic fidelity across a wide range of
language structures.

B. EFFECT OF IMPROVING SEMANTIC MATCHING
The evaluation of semantic matching employs the metric
defined in the experimental setup, which relies on Se-
mantic Role Labeling to extract and compare core se-
mantic elements. The scores for subject, action, object,

and modifier consistency reflect the F1 measure of role
alignment between the model’s output and the reference
translations. In the translation of complex English sen-
tences, the nonlinearity of grammatical structure and the
discreteness of semantic distribution place higher demands
on neural translation models. To address this issue, this sec-
tion conducts a multi-model comparison experiment based
on the semantic matching dimension, using three typical
complex structures: principal-subordinate compound sen-
tences, inverted sentences, and inserted sentences. Complex
sentences with a main and subordinate clause often have
multilevel dependency chains, and their semantic back-
bones are often obscured by subordinate clauses, leading
to the risk of subject-verb ambiguity during translation.
In inverted sentences, after word order adjustment, the
semantic trigger point and representation position shift,
challenging the model’s sequential modeling capabilities.
Inserted sentences, due to their embedded structure, inter-
fere with backbone extraction, requiring the model to be
able to identify semantic boundaries. To this end, three
mainstream models are applied for comparison: Seq2Seq,
an early encoder-decoder benchmark, lacks global modeling
capabilities when dealing with complex syntactic structures;
the Transformer constructs global dependencies through a
self-attention mechanism, but lacks explicit modeling of
local syntax; the BiLSTM captures word order information
through bidirectional context, offering a degree of robust-
ness at the sequence level. As the core of this comparison,
this paper proposes a model that integrates GAT with a
semantic gating mechanism to enhance its ability to model
semantic dependencies in complex structures. To analyze
the impact of these structures on semantic preservation in
translation, a radar chart (Figure 4) is constructed, focusing
on subject, action, object, modifier consistency, and seman-
tic coherence. The comparative performance of the models
under different structural conditions is examined.

In the principal-subordinate complex sentence matching
test, the proposed model achieves scores of 0.88 and 0.84
in the subject and action dimensions, significantly higher
than the Transformer’s 0.76 and 0.70. Its deep semantic
modeling strengthens the semantic aggregation of the main
sentence across subordinate clauses, alleviating the problem
of subordinate clause structure obscuring information from
the main clause. In the inverted sentence structure, the
proposed model achieves a semantic coherence score of
0.82, an improvement of over 0.20 compared to the Seq2Seq
model, demonstrating its greater adaptability to nonlinear
word order through its schema structure perception. In
the inserted sentence test, the proposed model achieves a
modifier consistency score of 0.75, surpassing the Trans-
former’s 0.60. The semantic gating mechanism effectively
mitigates the interference of inserted components on the
main information flow, enabling more accurate recovery of
the main sentence meaning. Comprehensive analysis shows
that the model exhibits more stable semantic preservation
performance when handling various types of complex sen-
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FIGURE 3. Comparison of BLEU scores of various translation models under different semantic structure dimensions: (a) Comparison
of BLEU scores based on sentence complexity; (b) Comparison of BLEU scores based on semantic logical relationships; (c)

Comparison of BLEU scores based on syntactic variation structures; (d) Comparison of BLEU scores based on sentence length
ranges

FIGURE 4. Radar chart comparing semantic matching dimensions of various models for different sentence types: (a) Semantic
matching analysis of principal-subordinate compound sentences; (b) Semantic matching analysis of inverted sentences; (c) Semantic

matching analysis of inserted sentences

tence structures, improving the parsing integrity of semantic
elements and inter-sentence logical consistency.

C. SYNTACTIC STRUCTURE RETENTION RATE
In English sentences of varying structural complexity, the
degree to which a translation model retains syntactic in-
formation directly impacts the readability and semantic
accuracy of the translated text. This study compares the
structure retention performance of four representative mod-
els across different sentence types, focusing on their ability
to restore syntactic structure during translation. Model 1 is
a Seq2Seq encoder-decoder model, emphasizing sequence
mapping capabilities. Model 2 is a standard Transformer
architecture, with the advantage of modeling global de-
pendencies. Model 3 uses a BiLSTM for bidirectional
context modeling. Model 4 is the proposed BiLSTM-GAT
joint model, integrating a graph attention mechanism with
semantic gating units. Considering the structural challenges
posed by sentence structure differences, the experiment
analyzes simple, parallel, and complex sentences. Parallel
relationships and clause nesting are structurally sensitive
aspects of translation. Figure 5 presents a comparison of the
retention rates of different models for subjects, predicates,
objects, modifiers, and structurally specific elements. The

structural retention rate is defined based on dependency
structure preservation. Dependency parsing is applied to
both the translated sentence and the reference using the same
syntactic analyzer, and a dependency is considered retained
when the head–dependent relation and its label are aligned
in both parses. The final retention rate is computed as the
proportion of retained dependencies relative to the reference
structure, averaged over all sentence instances.

Experimental results show that the proposed method
maintains leading structure retention rates across all sen-
tence types. In simple sentences, the proposed model
achieves 82% retention of modifiers, a significant improve-
ment over BiLSTM’s 74%. This improvement is primarily
attributed to the enhanced modeling of fine-grained con-
textual dependencies within the semantic graph. In parallel
sentences, the traditional Seq2Seq method achieves only
54% retention, while the proposed method achieves 73%,
demonstrating a stronger ability to discern structural bound-
aries between parallel components. In complex sentences,
the clause structure retention rate reaches 72%, significantly
exceeding the Transformer’s 55%. This result demonstrates
that the representation method that integrates graph structure
and sequence information is more adaptable to modeling
hierarchical structures. Across all metrics, the improved
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FIGURE 5. Comparison of syntactic structure retention rates across three sentence types by different translation models: (a)
Comparison of structure retention capabilities for simple sentences; (b) Comparison of structure retention capabilities for parallel

sentences; (c) Comparison of structure retention capabilities for complex sentences

model’s ability to restore both the syntactic trunk and
complex subsidiary structures surpasses other baselines, val-
idating its advantage in structure preservation under complex
semantics.

D. COMPARISON OF SEMANTIC COHERENCE UNDER
DIFFERENT METHODS
This experiment aims to evaluate the semantic consistency
performance of different translation models on complex
English sentences. Four models are used for comparative
analysis, focusing on the multi-level semantic information
of sentences. Model 1 is a traditional neural network model
based on BiLSTM, which excels at semantic understanding
while preserving local contextual information. Model 2 is a
network architecture based on Seq2Seq, which leverages an
attention mechanism to improve its ability to model long-
range dependencies, but has limitations when processing
complex sentence structures. Model 3 is the Transformer,
which leverages a self-attention mechanism to improve its
ability to model the global structure of sentences, making
it particularly suitable for processing complex sentences.
Model 4 is a proposed translation model based on a semantic
interaction mechanism, combining a graph neural network
with a bidirectional LSTM to optimize the deep learning
effect of semantic representation. This study further subdi-
vides the semantic dimensions into: action consistency, sub-
ject consistency, object consistency, temporal consistency,
and causal consistency. Each dimension focuses on specific
linguistic features in translation, aiming to comprehensively
measure the semantic retention and consistency of transla-
tion. Figure 6 shows the performance of the four models
across different semantic dimensions.

When processing simple sentences, the proposed model
demonstrates a clear advantage, particularly in action consis-
tency and subject consistency, with scores of 0.83 and above.
In contrast, BiLSTM and Seq2Seq perform relatively poorly,
particularly in temporal consistency and causal consistency,
where scores are low. The Transformer model struggles
with complex sentences, with most scores failing to exceed
0.75. This suggests that while its self-attention mechanism
improves global understanding of sentences, it lacks the
ability to capture local semantic connections within complex
sentences. For complex sentences, the scores of all models
generally decline, reflecting the challenging nature of com-

plex sentence structures. The proposed model maintains a
relatively balanced advantage, particularly in subject con-
sistency, with scores above 0.80. This demonstrates that by
applying the semantic graph and graph attention mechanism,
it effectively preserves the semantic information and logical
relationships of complex sentences during translation.

E. ABLATION EXPERIMENTS AND CONTRIBUTIONS OF
EACH MODULE
In this multi-module collaborative semantically enhanced
translation model, to deeply analyze the contributions of
each key component to semantic modeling and translation
generation, this section begins with a BiLSTM encoder
and gradually applies graph GAT, semantic gating, and
multi-head attention modules to construct five model com-
binations: S1 is a BiLSTM baseline, featuring only word
sequence context modeling; S2 builds on S1 by applying
GAT to enhance the ability to perceive semantic depen-
dencies between word structures; S3 further incorporates a
semantic gating mechanism to control the flow of semantic
information for improved semantic extraction selectivity; S4
superimposes a multi-head attention mechanism to enhance
multi-scale context capture; S5 is the complete model,
integrating all three mechanisms to achieve deep semantic
representation and translation consistency control. On this
basis, the BLEU trend line chart (Figure 7a) and the se-
mantic dimension radar chart (Figure 7b), supplemented by
comparisons of the semantic matching, structure retention
rate, and semantic coherence of each module combination,
fully demonstrate the layer-by-layer improvement of model
performance. The ablation experiments are conducted on
sentence subsets characterized by long dependency chains
and nested syntactic relations. The results are shown in
Figure 7 and Table 3:

Experimental data show that the S1 model performs the
worst among all indicators, with an average BLEU score
of only 20.0. The distribution of semantic dimensions is
generally weak, and the scores of subject-verb consistency
and action-object matching dimensions do not exceed 0.70.
This is related to the BiLSTM modeling method based
only on local context, which makes it difficult to capture
the information flow at the syntactic structure level. After
applying GAT, the average BLEU score for S2 rises to
22.6. The semantic graph structure enhances the model’s
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FIGURE 6. Semantic consistency performance of different translation models in simple and complex sentences: (a) Simple
sentences; (b) Complex sentences

FIGURE 7. Impact of different module combinations on translation quality and semantic perception: (a) Changes in BLEU scores for
different sentence types for each module combination; (b) Radar chart of the model’s semantic perception

TABLE 3. Comparison of performance contributions of various module
combinations to semantic metrics

Module
Combina-
tion

Semantic Match Structural Retention Rate Semantic Coherence

S1 0.72 0.65 0.68
S2 0.79 0.71 0.74
S3 0.83 0.72 0.80
S4 0.86 0.73 0.84
S5 0.88 0.75 0.87

understanding of the main semantic dependencies, and the
semantic matching score increases to 0.79, demonstrating
that the application of structural semantics effectively al-
leviates the problem of ambiguous syntax parsing. After
adding a semantic gating mechanism to S3, the seman-
tic coherence score jumps to 0.80. The intra-contextual
cohesion dimension, shown in Figure 7(b), significantly
expands, indicating that this mechanism plays a key role in
improving semantic consistency. S4, building on S3, applies
multi-head attention, further improving the average BLEU
score to 25.7. Multiple semantic dimensions are balanced,
with particularly strong performance in reference clarity
and intra-sentence contextual consistency, validating the
enhanced role of multi-scale attention in modeling complex
intra-sentence relations. The complete S5 model achieves
optimal performance across all metrics, with an average
BLEU score of 26.4 and a semantic match of 0.88. When
translating complex sentences, the fine-grained control of
the semantic modeling mechanism plays a decisive role in

maintaining semantic consistency and improving language
quality in translation.

F. MODEL ADAPTABILITY IN COMPLEX LANGUAGE
PAIRS
In multilingual neural translation, the heterogeneity of lan-
guage structure significantly impacts translation quality.
Word-order differences, morphological variations, and de-
pendency chain depth pose core challenges to model gen-
eralization. This section constructs two complex sentence
translation tasks for different language pairs to examine
the model’s ability to maintain semantic consistency under
diverse structural conditions. The experiment applies five
neural translation models with varying structural characteris-
tics: Model 1 is the baseline Seq2Seq model, which uses an
encoder-decoder alignment mechanism, with a simple struc-
ture and limited semantic alignment capabilities; Model 2 is
the Transformer, which uses a self-attention mechanism to
capture global dependencies but cannot model syntactic con-
straints; Model 3 is a bidirectional LSTM, which strengthens
contextual order modeling but has limited sequence depth;
Model 4 is a BiLSTM with a graph attention mechanism,
which enhances the ability to model inter-word structural
dependencies; Model 5 is the graph-structured semantic
gating translation model proposed in this paper, which con-
structs deep representation through the collaborative con-
struction of semantic graph, gating mechanism, and multi-
head attention. The experiment processes six language pairs,
selecting two complex sentence types, principal-subordinate
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compound sentences and inverted/inserted sentences, as the
test benchmarks. This creates a dual structural-linguistic
interference condition to evaluate the model’s cross-lingual
adaptability and structural robustness. Figure 8 shows the
BLEU scores of each model on the two complex sentence
translation tasks. All language pairs are evaluated under a
unified experimental setting, where training and test sets are
derived from parallel sentence-level corpora using consistent
data splits, preprocessing procedures, and BLEU evaluation
protocols, and all baseline systems strictly follow the model
configurations described in the experimental setup section.
The multilingual evaluation involves language pairs with
substantial differences in word order, morphological rich-
ness, and dependency realization.

In the principal-subordinate compound sentence trans-
lation task, the proposed method achieves a BLEU score
of 61.8 on the English–Chinese language pair, while the
Transformer achieves only 52.8. The widening gap between
the two reflects the effect of the semantic gating mechanism
on the aggregation of long-range main stem semantics. The
proposed method achieves BLEU scores of 57.2 and 56.8
in English–German and English–Russian, respectively, out-
performing the BiLSTM-GAT model’s 53.9 and 53.3. This
demonstrates that graph structure perception plays a greater
role in the deeply nested German and frequently varied
Russian languages. In the inverted and inserted sentence
tasks, the overall scores of the models decline. Seq2Seq
achieves only 30.8 on English–Japanese, due to its weak in-
formation alignment, resulting in misalignment of main stem
semantics. The proposed method, on the same language pair,
maintains a score of 48.5, relying on its robust response
mechanism to structural focus shifts. Compared to other
models, the proposed method maintains BLEU stability in
languages with frequent structural jumps and loose word
order, such as Arabic and Japanese. This demonstrates that
the structural semantic fusion strategy is highly adaptable to
diverse language structures and offers consistent advantages
for modeling highly complex sentences across languages.
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