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Academic text translation differs from general text translation due to its rigorous logical structure, specialized
domain terminology, fixed syntactic patterns, and high requirements for semantic fidelity. Traditional neural
machine translation (NMT) models based on vanilla Transformer suffer from two core defects in English-Chinese
academic translation: insufficient capture of domain-specific term semantic features and weak long-distance
logical dependency modeling, which easily cause terminology mistranslation, logical dislocation, and low
readability of translated texts. To solve the above problems, this paper proposes a novel deep learning aided
English-Chinese academic text translation model (ST-Transformer) based on semantic term enhancement and
hierarchical gated attention mechanism. Firstly, a domain academic term embedding module is constructed
to fuse term dictionary features and contextual semantic information to realize differentiated encoding of
common words and professional terms. Secondly, a hierarchical gated attention unit is designed to optimize
the multi-head attention structure of the encoder, suppress invalid redundant information in long academic
sentences, and strengthen the correlation between core semantic components. Finally, a length penalty adaptive
loss function is introduced to balance the translation quality of long and short academic sentences and avoid
incomplete translation of complex clauses. Based on self-constructed multi-domain academic parallel corpus
and public IWSLT2019 academic translation dataset, comparative experiments are conducted with mainstream
baseline models including vanilla Transformer, BERT-NMT, mBART and LightSeq. The experimental results
show that the proposed ST-Transformer model achieves 4.21 BLEU points and 3.86 COMET points higher than
the vanilla Transformer on English-Chinese academic translation tasks. Meanwhile, the terminology translation
accuracy reaches 96.35%, which effectively improves the overall translation quality and semantic consistency
of academic texts. Ablation experiments verify the independent effectiveness of each improved module. This
study provides an efficient technical solution for intelligent and high-quality translation of cross-language
academic papers, monographs and research reports.
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1. Introduction number of cutting-edge research achievements in various

disciplines are initially published in English, while Chinese
With the acceleration of global academic cooperation and researchers need to efficiently obtain and digest English aca-
knowledge circulation, English has become the dominant demic literature. Conversely, Chinese scholars also need to

language for international academic exchanges. A large translate domestic innovative research results into standard
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English to publish in international journals and conferences
[1-3]. As a special type of formal text, academic texts cover
multiple disciplines such as engineering, computer science,
materials science and social science, featuring dense pro-
fessional terminology, complex nested clauses, rigorous
logical deduction and single semantic ambiguity [4, 5]. Dif-
ferent from daily conversational texts and general news
texts, academic translation puts forward higher require-
ments for terminology accuracy, syntactic standardization
and semantic logical integrity [6, 7].

In recent years, deep learning-based neural machine
translation has gradually replaced traditional statistical ma-
chine translation (SMT) and become the mainstream tech-
nical scheme for cross-language text translation [8-10]. The
Transformer model proposed by Vaswani et al. [11] in 2017
realizes global sequence dependency modeling through
multi-head self-attention mechanism, breaking through the
performance bottleneck of recurrent neural network (RNN)
based translation models in long-sequence tasks [12]. On
the basis of Transformer, pre-trained language models such
as mBERT and mBART further integrate massive unlabeled
corpus to enhance cross-language semantic representation
ability, which has been widely applied in general text trans-
lation scenarios [13].

In view of the particularity of academic text transla-
tion, scholars have carried out targeted research in recent
years. Tairas et al. [14] constructed a domain-specific cor-
pus to optimize the Transformer model and verified that
domain corpus pre-training could effectively improve aca-
demic translation quality. Some researchers integrate part-
of-speech features and syntactic dependency trees into the
encoder to enhance the model's perception of academic
sentence structure [15, 16]. In terms of term optimization, a
small number of studies add term constraint branches to
the decoding end, but most methods only focus on single-
discipline terminology and lack universal applicability to
multi-domain academic texts [17]. In addition, most ex-
isting studies ignore the imbalance problem of long and
short sentence translation in academic scenarios, resulting
in limited overall optimization effect of the model.

Although existing NMT models have achieved excel-
lent performance in daily text translation, there are still
prominent shortcomings in English-Chinese academic text

translation.

(1) Poor term translation performance. Vanilla Trans-
former and pre-trained models adopt unified embed-
ding encoding for all words in the text, without dis-
tinguishing professional academic terms and ordinary
vocabulary. Domain-specific terms have unique fixed
semantic meanings in academic scenarios, and unified

encoding is easy to cause semantic deviation and term
mistranslation [18].

(2) Weak long-distance logical modeling capability. Aca-
demic texts contain a large number of long nested com-
plex sentences. The traditional multi-head attention
mechanism calculates the weight of all input words in-
discriminately, which will introduce redundant noise
information, interfere with the dependency capture of
core semantic components, and lead to logical confu-
sion of long sentences after translation [19].

(3) Unbalanced translation quality of sentences with dif-
ferent lengths. The standard cross-entropy loss func-
tion has equal weight for all tokens, which makes the
model prone to incomplete translation and missing
components when facing ultra-long academic clauses,
and cannot adapt to the syntactic characteristics of
academic texts [20].

Aiming at the above problems, this paper carries out
targeted optimization for academic text translation scenar-
ios, and the main research contributions are summarized
as follows.

(1) An academic term enhanced embedding module is
proposed, which fuses domain term dictionary fea-
tures and contextual semantic embedding to realize
hierarchical differentiated encoding of professional
terms and common words, and improve the accuracy
of domain terminology translation.

(2) A hierarchical gated multi-head attention mechanism
(HG-MHA) is designed to add gated filtering units
to the encoder attention layer, dynamically screen in-
valid redundant information in long sequences, and
enhance the long-distance logical dependency mod-
eling ability of the model for complex academic sen-
tences.

(3) An adaptive length penalty loss function is con-
structed to dynamically adjust the loss weight accord-
ing to sentence length, balance the translation opti-
mization degree of long and short sentences, and solve
the problem of missing translation of long academic
clauses.

(4) A multi-domain English-Chinese academic parallel
corpus covering 6 disciplines is constructed, and ex-
tensive comparative experiments and ablation exper-
iments are carried out to verify the robustness and
practical applicability of the proposed model.
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2. Materials and methods

2.1. Overall Model Framework

The ST-Transformer model takes the improved Transformer
as the basic architecture, including three core parts: term
enhanced embedding module, encoder with hierarchical
gated attention units, and decoder based on adaptive
length penalty loss. The overall workflow is as follows. (1)
The input English academic text is embedded by the term
enhancement module to obtain fused semantic features con-
taining term attribute information. (2) The encoder uses
HG-MHA to filter redundant information and complete
long-distance dependency modeling of academic sentences.
(8) The decoder receives the encoder output features, gen-
erates Chinese translation sequences through multi-layer
decoding. (4) The adaptive loss function is used to update
model parameters to complete training optimization. The
overall structure of the model is shown in Figure 1.

2.2. Academic Term Enhanced Embedding Module

To solve the problem of insufficient term semantic represen-
tation in traditional embedding methods, this paper con-
structs a term enhanced embedding module, which fuses
word embedding, position embedding and term attribute
embedding. For any input sequence X = {x1,x3,., X},
the final fused embedding vector E;y, is calculated by
Formula (1).

Efinat = ®Ewora + BEpos + YEterm 1)

Where E.; represents the basic word embedding ob-
tained by dictionary lookup. Ep.s represents the sinusoidal
position embedding used to perceive sequence order in-
formation. Ejery represents the term attribute embedding,
which is generated by the pre-built multi-domain academic
term dictionary. («, 8,y) are learnable fusion weights, sat-
isfying & + B + v = 1, initialized to 0.5, 0.2 and 0.3 respec-
tively.

For words marked as professional terms in the term
dictionary, the model increases the weight of E,;,;, dynami-
cally according to term frequency; for ordinary words, the
term embedding weight is reduced to avoid redundant in-
terference. This differentiated embedding strategy enables
the model to effectively distinguish professional terms and
common vocabulary, and enhance the semantic representa-
tion ability of domain terminology.

2.3. Hierarchical Gated Multi-Head Attention (HG-
MHA)

Aiming at the problem that traditional multi-head attention

introduces redundant noise in long academic sentences,

this paper designs a hierarchical gated attention unit, which
adds a feature filtering gate after the attention scoring stage.
The calculation process of HG-MHA is as follows.

First, we map the input feature vector to query, key and
value matrices through linear transformation, as shown in

Formula (2).

Q= XWq,K = XWg,V = XWy 2)

Where Wg, W are trainable parameter matrices. The stan-
dard attention score is calculated by scaled dot-product
attention as shown in Formula (3).

QK"
Vi

On this basis, the gated filtering unit is introduced, and

Attn(Q,K, V) = softmax( )\% 3

the gate control coefficient G is calculated by the sigmoid
activation function as shown in Formula (4).

G = o (Wy - Attn(Q,K, V) + bg) 4)

Where W, and by are the weight and bias of the gate layer.
o represents the sigmoid function. The final gated attention
output is shown in Formula (5).

HG_MHA = G © Attn(Q,K, V) ®)

The gate control coefficient can dynamically screen fea-
ture information: for redundant invalid tokens in long aca-
demic sentences, the gate coefficient is close to 0 to suppress
noise interference. For core semantic tokens such as terms
and predicate verbs, the gate coefficient is close to 1 to re-
tain effective features, so as to optimize the long-distance
dependency modeling effect of the model.

2.4. Adaptive Length Penalty Loss Function

The standard cross-entropy loss function treats all tokens
equally, which leads to poor translation effect of long aca-
demic sentences. This paper proposes an adaptive length
penalty loss function, which dynamically adjusts the loss
weight according to the length of the input sentence. The

improved loss function is shown in Formula (6).

1 N Ti
Ludﬂptive = N Z /\(li) Z logp(yi,t‘xi;e) (6)
i=1 t=1

where N is the total number of samples in a batch. [; rep-
resents the length of the i-th input sentence. A(l;) is the
length penalty coefficient, and its calculation formula is as
follows.

I —1
ML) =1+ p - tanh(2 Z ) @)
avg
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Fig. 1. Overall framework of the proposed ST-Transformer model

In Formula (7), lzvg is the average sentence length of
the training set. $$\mu$$ is the penalty intensity hyperpa-
rameter (set to 0.2 through experimental debugging). For
sentences longer than the average length, the penalty coef-
ficient is increased to strengthen the model's optimization
constraint on long sentences; for short sentences, the coeffi-
cient is appropriately reduced to avoid over-fitting, so as to
balance the translation quality of sentences with different
lengths.

3. Results and discussion

3.1. Experimental Datasets

The experiments are carried out based on two datasets:
public dataset and self-constructed multi-domain academic
parallel corpus. The detailed information of the datasets is
shown in Table 1.

The self-built academic corpus is collected from high-
level SCI/SSCI journals and Chinese core journals, cover-
ing 6 mainstream academic disciplines. All parallel sen-
tence pairs are manually screened and proofread to elim-
inate low-quality noisy data such as machine translation
garbage sentences, ensuring the authenticity and effective-
ness of experimental data.

3.2. Experimental Settings

To verify the superiority of the proposed model, four main-
stream state-of-the-art translation models are selected as
baselines.

(1) Vanilla Transformer. The original standard Trans-
former model, the most classic basic framework of
NMT tasks.

(2) BERT-NMT [21]. Integrate pre-trained BERT encoder
into Transformer to enhance contextual semantic repre-
sentation.

(3) mBART. Multilingual pre-trained translation model,
which performs well in cross-language academic text
translation.

(4) LightSeq [22]. Lightweight optimized Transformer
model, with high training efficiency and excellent trans-
lation performance.

All models are trained on the same hardware and soft-
ware environment to ensure the fairness of experiments.
The hardware environment is NVIDIA RTX 4090 GPU (24G
video memory). The deep learning framework is PyTorch
2.1. The key hyperparameters are set as shown in Table 2.

Three authoritative evaluation metrics are adopted to
evaluate the model from multiple dimensions.

(1) BLEU. The most widely used automatic evaluation
metric for machine translation, which calculates the
n-gram coincidence degree between the translated text
and the reference text.

(2) COMET. A pre-training-based evaluation metric,
which is more consistent with human subjective evalu-
ation results.

(38) Term-Acc. Customized terminology translation accu-
racy metric, which is used to evaluate the translation
effect of academic professional terms.

3.3. Comparative Experimental Results and Analysis
The comparative experimental results of all models on two
datasets are shown in Table 3. The best performance data
in each column is marked in bold.

It can be seen from Table 3 that the proposed ST-
Transformer model achieves the optimal results on all eval-
uation metrics of the two datasets.

(1) On the IWSLT2019 dataset, the BLEU value is 4.21
higher than vanilla Transformer, and the terminology
accuracy is increased by 5.09%.
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Table 1. Statistical information of experimental datasets

Dataset Domain Training Set  Validation Set  Test Set Average
Sentence
Length
IWSLT2019 Computer Science 186,520 5,200 8,500 28.6
Self-built Corpus  Engineering, Materials, Education, 258,360 6,800 10,200 35.2

Medicine, Economics, Physics

Table 2. Key hyperparameter settings

Hyperparameter Parameter Value
Encoder/Decoder Layers 6
Multi-head Attention Number 8
Embedding Dimension 512

Feed Forward Hidden Dimension 2048
Batch Size 32
Learning Rate 5e-4
Dropout Rate 0.15
Epoch 100
Optimizer AdamW

(2) On the multi-domain self-built corpus with higher dif-
ficulty, the model still maintains obvious advantages,
which proves that the improved module has strong
multi-domain adaptability. The pre-trained models
such as mBART are better than the original Transformer,
but their optimization effect is limited because they do
not carry out targeted design for academic text charac-
teristics.

In order to intuitively compare the performance dif-
ferences of each model, the BLEU value distribution of
different models on the self-built corpus is visualized in
the form of histogram, as shown in Figure 2.

First, the vanilla Transformer achieves the lowest BLEU
score of 35.18 among all compared models, which serves
as the baseline performance benchmark. This result indi-
cates that the standard Transformer architecture, despite
its success in general-domain translation tasks, still faces
significant challenges when handling academic texts with
dense terminology and complex syntactic structures.

Second, the pre-trained models demonstrate moderate
improvements over the baseline. Specifically, BERT-NMT
achieves a BLEU score of 37.06, representing a 1.88-point
improvement compared to the vanilla Transformer. This
improvement can be attributed to the enhanced contex-
tual semantic representation capability introduced by the
pre-trained BERT encoder. Similarly, mBART and Light-
Seq achieve BLEU scores of 37.85 and 37.52, respectively,
outperforming the vanilla Transformer by 2.67 and 2.34

points. The performance gains of these pre-trained and
optimized models confirm that leveraging large-scale pre-
training or architectural optimization can partially alleviate
the difficulties in academic text translation. However, their
improvement margins remain limited, primarily because
these models are not specifically designed to address the
unique characteristics of academic texts, such as domain-
specific terminology and long-distance logical dependen-
cies.

Most notably, the proposed ST-Transformer model
achieves the highest BLEU score of 39.39, substantially
surpassing all baseline models. Compared with the vanilla
Transformer, the ST-Transformer improves the BLEU score
by 4.21 points, representing a relative improvement of ap-
proximately 12.0%. When compared with the strongest
baseline model (mBART), the proposed model still achieves
a 1.54-point advantage. This significant performance gap
demonstrates the effectiveness of the three core improve-
ments integrated into the ST-Transformer.

(1) The academic term enhanced embedding module,
which enables differentiated semantic encoding of pro-
fessional terminology.

(2) The hierarchical gated multi-head attention mechanism
(HG-MHA), which effectively suppresses redundant
noise in long academic sentences.

(3) The adaptive length penalty loss function, which bal-
ances the optimization degree for sentences of varying
lengths.

3.4. Ablation Experiments

To verify the independent effectiveness of the three im-
proved modules in ST-Transformer, ablation experiments
are carried out on the self-built corpus. We remove a single
improved module in turn and compare the performance
changes of the model. The experimental results are shown
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Table 3. Comparative experimental results of different models
Model IWSLT2019 Dataset Self-built Academic Corpus
BLEU COMET Term-Acc(%) BLEU COMET Term-Acc (%)
Vanilla Transformer  36.75 78.23 91.26 35.18 77.05 90.12
BERT-NMT 38.62 80.15 93.05 37.06 78.92 92.35
mBART 39.18 80.68 93.72 37.85 79.46 92.88
LightSeq 38.95 80.32 93.41 37.52 79.11 92.56
ST-Transformer 40.96 82.09 96.35 39.39 81.17 95.82
Table 4. Results of ablation experiments
. Term Enhanced Adaptive Term-Acc
Model Variant Embedding HG-MHA Loss BLEU (%)
Baseline(Transformer) X X X 35.18 90.12
Variant 1 v X X 37.25 94.68
Variant 2 X v X 36.89 91.53
Variant 3 X X v 36.42 90.86
ST-Transformer(Full) v v v 39.39 95.82
Y- Propcsed Hodel STtansorme) formance of the model is significantly better than that of
o olas single-module improved models.
1 oy == i 3.5. Sentence Length Adaptability Analysis
E .l To further verify the adaptability of the proposed model
% = to sentences with different lengths, we divide the test set
- samples into three categories according to sentence length:
short sentences (<20 tokens), medium sentences (20-40 to-
] kens), long sentences (>40 tokens). The BLEU values of
wl ‘ . ‘ vanilla Transformer and ST-Transformer under different

Transformer

Model Type

Fig. 2. BLEU value comparison of different models on
self-built academic corpus

in Table 4.

The ablation experimental results show that all three
modules have positive optimization effects on the model.
(1) The term enhanced embedding module contributes

the most to the improvement of terminology accuracy,
which directly solves the core pain point of term mis-
translation in academic translation.

(2) The HG-MHA module significantly improves the
model’s ability to process long complex sentences.

(3) The adaptive loss function effectively reduces the miss-
ing translation rate of ultra-long sentences.

The simultaneous use of the three modules can pro-
duce a synergistic optimization effect, and the overall per-

sentence lengths are compared, and the results are shown
in Figure 3.

a2,
W= Vanilla Transformer
m= ST-Transformer
Gap +5.17

3’7 37.52

36.85 I

38.15
35.42

II )

Medium Sentences Long Senlences
(20-40 tokens) (>40 tokens)

Sentence Length Type

BLEU Value
8

£

i

Short Sentences
(<20 tokens)

Fig. 3. BLEU performance of two models under different

sentence lengths

As shown in Figure 3, the performance gap between
ST-Transformer and the baseline model gradually increases
with the growth of sentence length. For long academic
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sentences with more than 40 tokens, the BLEU value of
the proposed model is 5.17 higher than that of the vanilla
Transformer, which fully proves that the hierarchical gated
attention and adaptive length penalty loss can effectively
solve the long sentence translation problem in academic
texts.

3.6. Discussion

Based on the above experimental results, this paper fur-
ther discusses the internal optimization mechanism and
application limitations of the ST-Transformer model.

First of all, the term enhanced embedding module
breaks the unified encoding mode of traditional NMT mod-
els for all vocabulary. By introducing domain term dic-
tionary features, the model can accurately identify pro-
fessional terms in different disciplines and match fixed
academic translation expressions, which is the core rea-
son for the significant improvement of Term-Acc metrics.
Different from the simple term constraint method at the
decoding end adopted in previous studies, the embedding-
level fusion strategy in this paper can realize end-to-end
synchronous optimization of terms and contextual seman-
tics.

Secondly, the hierarchical gated attention mechanism
filters redundant noise in long sequences from the feature
dimension, which makes the model focus more on core
semantic components such as subject, predicate and pro-
fessional terms of academic sentences. Compared with the
sparse attention mechanism, the gated filtering method has
lower computational complexity and does not increase the
training and inference cost of the model, which has better
engineering practicability.

In addition, the adaptive length penalty loss function
solves the inherent defect of the standard cross-entropy
loss function in long-sequence academic translation. The
variable penalty coefficient can dynamically adapt to the
sentence length distribution characteristics of different dis-
ciplines, avoiding the phenomenon that the model overfits
short sentences and ignores long complex clauses.

Meanwhile, this research still has certain limitations.
The multi-domain term dictionary used by the model is
manually constructed, and the expansion efficiency of new
discipline terms is low. In the follow-up research, we
will introduce automatic term extraction algorithm based
on large-scale unlabeled academic corpus to realize real-
time dynamic update of the term dictionary. In addition,
this paper only focuses on sentence-level translation, and
document-level global logical coherence optimization of
academic papers will be the next research direction.

4. Conclusions

Aiming at the problems of low terminology translation
accuracy, poor long-distance logical modeling ability and
unbalanced translation quality of sentences with different
lengths existing in current deep learning translation models
for English-Chinese academic texts, this paper proposes an
improved Transformer translation model ST-Transformer
integrating term enhancement, hierarchical gated attention
and adaptive length penalty loss. The main conclusions are
summarized as follows.

(1) The academic term enhanced embedding module real-
izes differentiated semantic encoding of professional
terms and ordinary vocabulary, effectively improving
the translation accuracy of multi-domain academic
terms, and the Term-Acc index of the model reaches
96.35% on public datasets.

(2) The hierarchical gated multi-head attention mecha-
nism can suppress invalid redundant information of
long academic sentences, strengthen the capture of
core semantic dependencies, and significantly improve
the translation performance of the model for complex
nested clauses.

(3) The adaptive length penalty loss function balances the
optimization weight of the model for sentences with
different lengths, solves the problem of missing trans-
lation of ultra-long academic sentences, and improves
the overall robustness of the model.

(4) Comparative experiments on public dataset and self-
built multi-domain academic corpus verify that the
comprehensive performance of ST-Transformer is sig-
nificantly better than vanilla Transformer, BERT-NMT,
mBART and other mainstream baseline models, which
has good universality in different academic disci-
plines.

In future work, we will optimize the automatic con-
struction technology of domain term dictionaries, expand
the coverage of academic disciplines, and further explore
document-level end-to-end translation methods to realize
high-quality full-text translation of complete academic pa-
pers, so as to provide more convenient intelligent transla-

tion services for global academic researchers.
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