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ABSTRACT To address weak domain adaptability and insufficient modeling of long-range contextual
dependencies in specialized English-Chinese terminology translation, this paper proposes a neural
translation model integrating improved BERT and BiLSTM. The model first pre-trains BERT on the
public WMT corpus and domain-specific corpora, and introduces term boundary markers to enhance
input representation, improving recognition of specialized terminology and domain adaptability. A gated-
attention BiLSTM encoder is then designed to strengthen local contextual awareness and sequence-
structure modeling, especially around term boundaries, thereby complementing BERT’s global represen-
tation and capturing the semantic context of terms more accurately. A feature-fusion module integrates
multi-layer representations from BERT and BiLSTM, and an attention-driven decoder generates the final
translation. Experimental results show that the proposed model outperforms advanced baselines across
key metrics. Terminology translation accuracy reaches 88.1%, domain consistency reaches 92.0%, term-
boundary F1-score reaches 87.6%, and context sensitivity reaches 86.5%, verifying the effectiveness of

the method in improving the accuracy and robustness of specialized terminology translation.

INDEX TERMS BERT, BiLSTM, terminology translation, feature fusion, domain adaptation

I. INTRODUCTION

S the internationalization of professional fields acceler-

ates, high-quality terminology translation is becoming
increasingly important in professional scenarios such as
scientific and technological literature, medical reports, legal
documents, patent documents, and international standards,
especially concerning specialized terms in machinery spec-
ifications and fiber composition labeling for global trade.
Existing neural machine translation models generally have
problems such as weak generalization ability, semantic
drift, and domain mismatch when dealing with professional
terminology [1]. General-purpose models often struggle to
balance terminology accuracy with contextual consistency.
Although the translation is fluent, it lacks professionalism.
This seriously restricts the credibility and deployment effect
of professional translation systems in practical applications,
and a targeted modeling method is urgently needed to solve
this problem.

This paper focuses on the translation of English-Chinese
professional terms, and the research objects cover poly-
semous and highly professional terms in three high-value
fields: medicine, information technology, and law. Naveen
and Trojovsky confirmed that errors in cross-domain ter-
minology translation are mainly due to insufficient context
windows or lack of domain knowledge [2]. There are also
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studies that systematically sorted out the semantic differ-
ences between different Al (Artificial Intelligence) models
in medical terminology translation [3], and that the same
words often require different translations in different con-
texts [4,5]. Tang found that the legal term “consideration” is
translated very differently in contract law and common law
[6]. Guerberof Arenas et al. pointed out that term processing
leads to longer fixation time and more return gazes [7].
Studies have consistently shown that effectively modeling
domain adaptability and context dependence is the key to
improving the quality of terminology translation.

In recent years, many researchers have tried to explore
term translation from two paths: pre-trained language mod-
els and sequence tagging models [8,9]. Although the former
performs well in general translation tasks, it lacks explicit
modeling of term boundaries. Although the latter can iden-
tify term units, it is difficult to capture global semantics
and cross-sentence dependencies. However, these methods
have their own limitations in professional scenarios. Arnaud
et al directly fine-tuned mBART (Multilingual Bidirectional
and Auto-Regressive Transformers) on medical corpus, but
did not process term boundaries, resulting in text being
disassembled [10]. Other works first used BiLSTM-CRF
to identify terms and then called a universal translator,
resulting in a semantic gap between the recognition and
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generation stages. The introduction of an external term
dictionary to enhance input, but without joint optimization
with the neural encoder, resulted in limited gains [11,12].
Rahman et al continued to pre-train RoBERTa (Robustly
optimized BERT approach) on the corpus and designed
a context-aware decoding mechanism to distinguish subtle
differences in words [13].

This paper proposes a model for English-Chinese ter-
minology translation that integrates an improved BERT
and BiLSTM; by pre-training BERT on WMT and cor-
pora from the medical, legal, and IT fields, along with
an added corpus of standards and technical specifications,
it internalizes the semantics of specialized terminology. It
introduces [TERM_START]/[TERM_END] boundary mark-
ers and combines them with a gated attention BiLSTM en-
coder to dynamically model terminology structure and long-
range contextual dependencies. A multi-granularity feature
fusion module is designed to integrate global sentence-level
semantics with local terminology representations. The Bah-
danau attention LSTM (Long Short-Term Memory) decoder
is initialized to achieve terminology-sensitive translation.
Experiments show that this method outperforms baselines
in terms of terminology accuracy, boundary F1, and context
sensitivity, providing a reliable solution for highly special-
ized machine translation.

Il. ALGORITHM DESIGN

A. IMPROVEMENT OF BERT BASED ON DOMAIN
ADAPTATION

Based on the BERT-base-Chinese initialization model [14],
this paper performs further pre-training on corpora from
three high-value fields: science and technology, medicine,
and law, to construct a domain-adaptive BERT. The overall
model architecture is shown in Figure 1.

English Ingul Sentence

input processing
Term Recognition Module:

Sl:lS.mw’TA‘nmu!DB /

erm
Term Bowndary Annotation Translation Sequence  Fusion &

|

Enhanced Input Representation

Contnued Pratining on
TechMedcaiLapsl Corpora
|

FIGURE 1. Overall model architecture
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The system identifies terms in English sentences and
inserts [TERM_START]/[TERM_END] tokens to construct
augmented input. Contextual word vectors are extracted
using BERT and combined with a gated attention BiLSTM
to generate enhanced term-context encodings. The [CLS]
vector is fused with the term center word features to form
a zfuse, which initializes the hidden state of the LSTM
decoder. During decoding, Bahdanau attention dynamically
focuses on term information. Finally, a shared vocabulary
and Softmax are used to generate accurate and fluent Chi-
nese translations, achieving end-to-end term awareness and
precise translation.

1) Pre-Training Target Model Architecture

This paper builds a domain-adaptive BERT based on Bert-
ForMaskedLLM from the Hugging Face Transformers library.
BERT-base-Chinese is used as the initialization model, and
the model parameters are only fine-tuned. The pre-training
task continues with the standard Masked Language Model-
ing (MLM) [15]. For any input sequence, 15% of the tokens
are randomly selected to form a mask set M C {1,...,7T}
and perturb them according to the following distribution:

[MASK], with probability 0.8,

Z+ = { Trand ~ Uniform(V'), with probability 0.1, Vte& M
T, with probability 0.1,

(D

DA-BERT (Domain-Adapted BERT) maps the perturba-
tion sequence Z into a context-aware hidden state sequence
through an L = 12-layer Transformer encoder:

H = Transformerg(Z) @
= [h1, ha,... by € RTX4 4 =768

Each layer contains a multi-head self-attention mecha-
nism:

MultiHead(Q, K, V) = Concat(heady, . . ., head)W°
3)
QWEEWI)TY v
head; = softmax | ————"— | VW, @)
( Vi,

The MLM loss function is defined as the negative log-
likelihood of the masked word [16]:

Layrm(0) = \M| > log Pe (2:|7)

teM

_ Z log exp(e ht)
|M]|

teM UEV exp(eTht)

&)

e, € R?is the embedding vector of word v, using input-
output weight sharing strategy.
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2) Optimization Strategy and Training Configuration
The model optimization adopts the AdamW algorithm [17],
and its parameter update rules are as follows:

my = fimy—1 + (1 — f1)VeLnrim(O:) 6)

ve = Bovi—1 + (1 — B2) (Ve Lnrm(0:))? @)

~ my N UVt
mgy = 1_7%7 Ut = @ ®)
m
6t+1:@t_77( 3 :_E'f')\@t) (9)
t

The hyperparameters are set as learning rate 7 = 2x 1075,
B = 0.9, B2 = 0.999, ¢ = 1078, and weight decay coef-
ficient A = 0.01. The training adopts the dynamic batching
strategy [18], and the length of the dynamic combination of
samples is used to maximize the GPU memory utilization.
The average effective batch size is 32, and a total of 20
epochs are trained.

3) Term Mask Recovery

500 are randomly extracted from the WMT test set, and all
subwords of the 500 professional terms T’ = {7;}%%) terms
are replaced with [MASK] in the original context. Their
recovery ability is evaluated after inputting them into the
model. It is assumed that the term 7; contains m; subwords

after word segmentation:

mj eXp(eTm ht,,)
Wy,

Po(7j]s;) =
7 kl;[l Z’UEV eXp(e;rhtk)

(10)

Term Recovery Accuracy (TRA) is the proportion of top-
5 predictions that contain correct terms:

||
1
TRA = — I[TjGTOP'5
T ]2 (11)
(arg max 10gP®(¢|<§J'))]
cev™i

After training is completed, the output context-sensitive
word vector is directly fed into the subsequent improved
BiLSTM encoder to provide high-quality, domain-adapted
semantic representation for term boundary identification and
long-distance dependency modeling.

B. TERM-AWARE INPUT REPRESENTATION

External tools (SciSpacy, TerminusDB) are used solely for
annotating term boundaries in the training and evaluation
data. The model itself is trained end-to-end, with term mark-
ers provided as input without further external intervention
during inference. The term boundaries of the input English
sentence s = [wy,ws,...,w,| are identified. Specialized
tools are used for different fields. SciSpacy [19] is used in
the medical and biological fields, and the term extraction
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module of TerminusDB [20] is used in the legal and
information technology fields. Both output a term span set
T = {(s,€;)}7-,- The sentence is input into the WordPiece
segmenter of BERT-base-Chinese for subword segmentation
to obtain a subword sequence. For each term span [s;, ¢;],
the subword index interval [p;, g;] it covers is determined:

p; = min{k|char start(zx) > s;}, 1
g; = max{k|char end(xy) <e;} (12)

If a term spans multiple subwords, a special token
[TERM_START] is inserted before the first subword, and
[TERM_END] is inserted after the last subword [21].
To maintain semantic compatibility, the embeddings for
[TERM_START] and [TERM_END] are initialized using
the average of relevant pre-trained token embeddings and
are fine-tuned during training. After the above processing,
the original subword sequence is expanded into an enhanced
sequence. Then, word embedding, position embedding, and
term type embedding are constructed. The final input rep-
resentation is the element-by-element addition of the three:

i=0,1,...,T (13)

This representation is fed into the DA-BERT encoder,
which outputs a context vector that explicitly encodes term
boundary signals. Figure 2 shows an example of a term-
aware input representation.

word 0S8 type
zi = e 4+ el 4 VP,

Original English sentence:

The patient suffered from myocardial infarction and was given aspirin

Term 2

Enhanced input sequence (including term boundary markers):

The patient suffered from [TERM;TART] my ## oc ## ard ## ial ## inf ## arction[ TERMgND ]
and was given[TERM,TART] as ## pirin [ TERM,ND]

Type ID:

Legend description:
1 — [TERMsTART]
2 — [TERMeND]

0 — Norm text

FIGURE 2. Example of term-aware input representation

Figure 2 illustrates the construction process of the “term-
aware input representation”. After term recognition, the
original English sentence is segmented using BERT, and
[TERM_START] and [TERM_END] tokens are inserted
into the BERT tokenization results to explicitly define term
boundaries. A type ID is annotated below each token, which
is used by the embedding layer to distinguish semantic roles.
This representation, which serves as the DA-BERT input,
enables the model to accurately perceive term scope and
provide structured semantic clues for subsequent translation.

C. IMPROVEMENTS TO BILSTM WITH GATED
ATTENTION

This paper designs a bidirectional LSTM encoder with gated
attention enhancement. It is assumed that the hidden state
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sequence output by DA-BERT after encoding the input
sequence is:

Hbert — [hl{ert7 hgert7 e hlie};g] c R(L+2)><768 (14)

In Formula 14, L is the number of original subwords, and
hiert, hhert, are [CLS] and [SEP] vectors respectively. After
removing these two special tokens, the valid word sequence
is:
>$L] — [hl{mw‘/’ o hl[)Jert] c RLX768 (15)

X = [1‘1,.1'2,...

X is input into the bidirectional LSTM layer, and the
forward LSTM is recursive by time step:

Ty = LSTMpwa(ze, Beo1), t=1,2,...,L (16)

The backward LSTM reverse recursion is:

< Al
ht :LSTMbwd(xty ht-‘rl)? t:L7L_1a71 (17)

The hidden state dimension is set to dp;q = 256. The
bidirectional outputs are concatenated to get the BiLSTM
representation:

hlgiz[ﬁt;?t] eR2 t=1,...,L (18)

At the same time, a gated attention mechanism is intro-
duced to dynamically enhance the context related to terms
[22]. The attention weight is calculated:

_ exp(et)
Z£=1 exp(ek)

In Formula 19, W, € Rd*512 ¢ € Rde g, = 128,
ba € R% are learnable parameters. Then, the gating unit is
designed to adjust the degree of fusion between the original
BiLSTM state and the attention weighted context, and the
gating vector is defined as:

er=v" tanh(Wahfi +by), (19)

L
ge = oc(Wylhf'ic]), =) oxhf (20)
k=1

In Formula 20, o is the sigmoid function; W, ¢
R512x1024. (. ig the global context vector. The final enhanced
hidden state is:

hh=g O +(1—g)oc 21)

© represents the element-by-element product. This gating
mechanism allows the model to adaptively inject global
semantics while preserving local temporal information, es-
pecially strengthening contextual consistency near the term
position. Figure 3 shows the structure of the gated attention
mechanism:
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FIGURE 3. Gated attention mechanism structure diagram

Figure 3 shows the internal computational flow of the
gated attention mechanism. The gated unit dynamically ad-
justs the fusion ratio of the local state h; and the global con-
text c through the sigmoid gate vector gy, introduces the term
position mask, and determines the set of subword indexes
covered by the term [23]. During the training process, a
slight gradient suppression is applied to the enhanced hidden
state of nonterm positions, so that the parameter update is
more focused on modeling the term-related context. The
final output sequence H = [hy,...,hy] € REX512 s
used as the source representation for the subsequent fea-
ture fusion module. By effectively capturing long-distance
dependencies through BiLSTM and combining it with the
gated attention mechanism, the semantic drift problem
caused by insufficient context modeling in the translation
of professional terms in traditional sequence models is
alleviated [24].While Transformerbased models excel at
capturing long-range dependencies, BILSTM remains effec-
tive in modeling local syntactic structures and sequential de-
pendencies. The gated attention mechanism further enables
dynamic focus on term-related contexts, mitigating semantic
drift caused by inadequate local modeling.

D. BERT-BILSTM MULTI-GRANULARITY FEATURE
FUSION

1) Global Semantic Vector Extraction

The hidden state corresponding to the [CLS] tag is directly
extracted from the output sequence of the DA-BERT en-
coder and is denoted as hjc 1,5 € R7%®. This vector has been
optimized into a semantic summary of the entire sentence
during the MLM pre-training and domain training process,
and can effectively encode the domain theme, language
style, and overall semantic tendency [25].

2) Contextual Positioning of Term Center

The term boundary markers constructed in this paper back-
track to determine the start and end index interval [p, ¢ of a
term in a subword sequence. To accurately capture the core
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semantics of a term, the term center subword position c is
defined as:

c= V;qJ (22)

Subsequently, the hidden state i, € R5!2 of the corre-
sponding position is extracted from the output improved
BiLSTM enhanced sequence H = [hy, ..., hz] as the local
context-sensitive representation of the term.

3) Multi-Granularity Feature Concatenation and Nonlinear
Mapping

The global semantic vector hicrs) is concatenated with the
local term representation h. along the feature dimension to
form a joint feature [26]:

Zconcat = [h[C’LS]; Bc] € R1280 (23)

Zeoncat 1S input into a two-layer multilayer perceptron
(MLP) for nonlinear transformation:

Wl c ]R512X1280, bl c R512
(24)

21 = RGLU(Wl Zeoncat 01 ) )

W, € R512X512 pp)  R512
(25
The ReLU activation function in Formulas 24 and 25
introduces nonlinear expression capabilities, enabling the
fused feature zyyse € R%12 to effectively alleviate the
vanishing gradient problem [27], enabling the network to
learn the complex coupling pattern between global and local
features. The resulting fused vector zj,s. is used as the
initial hidden state hgec = Zjuse Of the decoder LSTM and
as the initial value of the query vector in the Bahdanau
attention mechanism [28]. This avoids terminology misin-
terpretation or domain drift caused by initial state ambiguity
[29].

Zfuse = ReLU(Wgzl + bg),

E. TERM TRANSLATION DECODING BASED ON
ATTENTION MECHANISM

1) Decoder Structure and Initialization

This system uses a single-layer LSTM as the basic decoding
unit and introduces the Bahdanau attention mechanism to
achieve dynamic alignment between the source and target.
At each decoding step ¢, the decoder hidden state h{°¢ and
the source BiLSTM enhanced sequence representation H=
[h1, ..., hi] € REX%12 jointly calculate the attention weight
[30]:

e = v(j tanh(Wa[hffcl; Bi]), t1=1,...,L (26)

L
o= =22l Sk @)
=1 exp(er,) i=1
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W, € R512x1024 3nd 1, € R512 are learnable parameters.
The context vector ¢; is concatenated and input into LSTM:

hiec = LSTM ([ye—1; ct], h{°9) (28)

2) Vocabulary Mapping and Output Generation

The output layer uses the Chinese vocabulary shared with
the input, and generates the word probability distribution
[31] through linear projection and Softmax:

0y = Wolhi®; ci] +bo,  P(ye|y<t, ) = Softmax(o;)
(29)
In Formula 29, W, = E],, E.;, € RIV=rIX512 are the
Chinese word embedding matrices, which realize weight
sharing to reduce parameters and improve generalization

ability.

3) Training and Inference Strategies

The training phase adopts a teacher-forcing strategy [32],
takes the true target sequence as input, and minimizes the
cross-entropy loss [33]:

Ty
Laec = — _log P(y{""*|y%}", z) (30)
t=1

In Formula 30, T}, is the length of the Chinese transla-
tion. The inference stage adopts the beam search strategy
[34,35], and the beam width is set to 5, which improves the
accuracy of term translation while ensuring the fluency of
the translation.

lll. EXPERIMENT AND VERIFICATION

A. EXPERIMENTAL DESIGN

1) Dataset Construction

The experiment uses data from the WMT Chinese-English
machine translation training set, a dataset derived from the
WMT 2021 News Translation Task. This dataset, comprised
of data from ParaCrawl, News-Commentary, UN Parallel
Corpus, WikiMatrix, and CCMT, totals 25 million bilingual
sentence pairs. The selected data covers three major pro-
fessional fields: medicine, information technology (IT), and
law. Each example includes an English term, its context, the
corresponding Chinese term, and its translation. The data is
divided into training, validation, and test sets in an 8:1:1
ratio, with each field separated to prevent cross-domain data
leakage. The data classification is shown in Table 1.

TABLE 1. WMT data sample classification

Domain  Train  Validation Test Total

Medical 9600 1200 1200 12000
IT 8000 1000 1000 10000
Legal 6400 800 800 8000

To prevent data leakage, terms in the test set do not appear
in the DA-BERT pre-training corpus. This ensures that the
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Term Recovery Accuracy evaluation reflects the model’s (a) _ _ (b)
true generalization ability. as % P ——
85 ’
2) Training and Optimization Settings |
.« . .« . . 80
In order to carry out corpus training, the training environ- 125
. . . . 3 —~
ment of the corpus required by the model in this paper is ? g1
. H <<
shown in Table 2. i E oo
15 '\_
TABLE 2. Training environment ' 65
1 \ 7::;5;??.3@9
“ 60 BERT-Seq25eq
Serial Number ~ Experimental Content 05 — T ey
configuration 0 5 10 15 20 ) 5 10 15 20
1 Hardware 4 x NVIDIA V100
GPU FIGURE 4. Comparison of the proposed model with the baseline model: (a)
2 Random seed 42 Training loss curve; (b) Term translation accuracy curve
3 Deep learning PyTorch + Hugging
framework Face Transformers
4 Optimizer AdamW . Figure 4 consists of (a) the training loss curve and (b) the
2 Iﬁi‘t’crglzlgz erate gzx 10 validation term translation accuracy curve. The horizontal
7 Maximum number of 20 axis represents the training round, and the vertical axis

training rounds

This model, along with the Transformer-base, BERT-
Seq2Seq (Sequence-to-Sequence), BiLSTM-CRF (Condi-
tional Random Field), and mBART-large baselines, uses the
AdamW optimizer (learning rate = 2 x 1072, batch size
= 32, max epochs 20). Early stopping (patience = 3) is
monitored based on validation set term accuracy. The BERT-
base-Chinese vocabulary is used, and the Chinese output
embedding weights are shared. The experiments are run on
4xV100 GPUs with a fixed random seed of 42 to ensure
reproducibility.

B. TERMINOLOGY TRANSLATION ACCURACY

During the testing phase, term boundaries are identified for
each input English sentence. By backtracking the subword
interval covered by the [TERM_START] and [TERM_END]
tokens on the source side, the precise span [p, ¢ of the term
in the source sentence is determined. Using the alignment
weights output by the gated attention BiLSTM encoder,
this span is mapped to the corresponding character position
in the target Chinese translation, extracting the model-
generated term translation fragment. TA (Term Accuracy)
is calculated separately for the three fields of medicine, IT,
and law, and then the weighted average is used to obtain
the overall TA.

Ndomain

correct
Ndomuin x 100%’

otet Ndomain (31)

— Zdomain correct
Tonerall = Z N domain x 100%
domain ~ "total
Medical _ IT _ legal __
Niprag*e® = 1200, Nj;,, = 1000, and N, ;77 = 800.
The obtained values are compared with the above baseline

model, as shown in Figure 4:

TAdomain =

5776

represents the training loss value and the TA percentage.
The training loss of the proposed model is significantly
lower than that of other models. Figure (b) shows that its
TA far exceeds the next best performance of mBART-large
and Transformer-base.

C. DOMAIN CONSISTENCY SCORE

RoBERTa-large is selected as the backbone model for
domain classification and fine-tuned on corpora from the
three domains of science, medicine, and law. The Chinese
translations generated by all models on the WMT test set
are standardized. Then, the pre-processed translations are
fed into the fine-tuned RoBERTa-large classifier to obtain
its predicted domain labels. The domain consistency score
is defined as the classification accuracy:

N .
DCOS = —consistent 100 (32)

total

The DCS (Domain Consistency Score) is calculated for
each domain to analyze the model’s domain-preserving
capabilities in different domains, allowing to determine
whether domain semantic drift is caused by mistranslated
terminology or linguistic shift. All models are evaluated
using the same RoBERTa classifier to avoid bias introduced
by classifier differences. For baselines that do not explicitly
model domain information, translations are more susceptible
to domain confusion due to the influence of general corpus
priors.

D. BLEU SCORE

BLEU-2 and BLEU-3 are somewhat limited in their use
and are not as effective as BLEU-4 in indicating the
linguistic fluency and structural rationality of a transla-
tion. However, they can serve as auxiliary indicators to
enhance the depth of analysis. This design uses the Python
nltk.translate.bleu_score module to calculate the BLEU
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(Bilingual Evaluation Understudy) score. SmoothingFunc-
tion().method4 is enabled. This method smoothes short
translations or high-order n-gram matches when they are
zero, preventing BLEU value distortion caused by zero
scores. The BLEU score is calculated for each translation,
and then the arithmetic mean is taken for the entire test set
to provide the final BLEU score.

E. TERM BOUNDARY F1 VALUE

Each Chinese translation in the WMT test set is annotated
character-by-character using the BIO (Beginning—Inside—
Outside) scheme. The first character of a term is marked
with a “B”; subsequent characters are marked with an “I”’;
non-term characters are uniformly marked with an “O”. For
example, if “neuron” is a term in the translation “Neuronal
Cells”, the annotation sequence is [B, I, I, O, O]. The Python
open-source library seqeval is used to perform a character-
by-character comparison of the predicted label sequence
with the reference label sequence. Precision, recall, and F1
scores are calculated using a standard sequence annotation
evaluation protocol. The term boundary F1 score is calcu-
lated for each of the three sub-domains of medicine, IT, and
law, and the overall weighted average result is reported.

F. CONTEXT SENSITIVITY

128 frequently polysemous terms are manually selected
from the WMT test set, each paired with two domain
contexts, for a total of 256 examples. A term’s translation
is considered correct only when it is completely consistent
character-level with the reference translation, ensuring that
the CSI (Context Sensitivity Index) only measures the
model’s ability to accurately understand contextual seman-
tics. The CSI is calculated as follows:

NCO’I‘T’EC
CSI = =<t « 100% (33)
Ntotal
Niotar = 256 is the total number of test samples, and

Neorrect 18 the number of correct translations. All models
generate translations using beam search on the same subset.

IV. RESULTS AND DISCUSSION

A. DOMAIN ADAPTATION AND TERM-AWARE INPUT TO
IMPROVE TRANSLATION ACCURACY

The experiment uses different models to calculate the
translation accuracy of terms in the fields of medicine,
information technology, and law, and the results are shown
in Figure 5.
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FIGURE 5. TA comparison chart: (a) TA comparison chart in the medical field;
(b) TA comparison chart in the information technology field; (c) TA comparison
chart in the legal field

Figure 5 shows the term translation accuracy (TA) of the
proposed model and four baselines across three domains:
medicine, information technology, and law. The proposed
model significantly outperforms all domains and converges
smoothly, improving from 78% in the first round to 89.1%
in medicine, 88.0% in IT, and 87.3% in law. These results
underscore the efficiency and stability of our method, largely
attributable to domain-adaptive pre-training and explicit
term boundary awareness. The former, DA-BERT, is trained
on specialized corpora such as medicine and law, giving
the model strong domain semantic priors from the outset
and shortening the transition from general to specialized
semantics. The latter, through the introduction of markers,
accurately locates the complete span of multi-word terms,
preventing fragmented translation.

B. DEEP DOMAIN KNOWLEDGE INJECTION TO
ENSURE TRANSLATION DOMAIN CONSISTENCY

The domain consistency score is a key indicator for measur-
ing whether the query is “semantically correct”, as shown
in Figure 6.

95

90
85
80
75
70

Medical

EllProposed
BEmBART-arge

IHIBERT-Seq2Seq
Il Transformer-bas
BNBILSTM-CRF

Legal

IT
FIGURE 6. DCS value statistics

The data shows that the system’s designed model leads
in all fields, achieving 92.3% in medicine, 91.7% in IT,
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and 92.0% in law. The suboptimal model, mBART-large,
scores slightly worse, while traditional models such as
Transformer-base and BiLSTM-CRF lag significantly be-
hind.

The feature fusion module nonlinearly integrates the
global [CLS] vector of the BERT with the term center
representation extracted by the BiLSTM, and uses this to
initialize the decoder hidden state. This allows the generated
translation to be anchored in the correct domain context,
thereby improving DCS. A sampling analysis reveals that
the main types of errors in the baseline model include term
generalization, mixed use of domain terms, and seman-
tic drift caused by missing context. By introducing term
boundary markers and a gated attention mechanism, the
proposed model can better preserve domain-specific context
and reduce such errors. The proposed model achieves both
formal accuracy and semantic attribution in the translation
of specialized terminology, thereby improving the domain
robustness of terminology translation.

C. OVERALL TRANSLATION QUALITY

Figure 7 compares the BLEU-1 to BLEU-4 scores of the
proposed model against four baseline models in three pro-
fessional domains: medicine, information technology, and
law. As the n-gram order increases, the BLEU scores of each
model decrease. The proposed model leads across all orders
and domains, demonstrating its superiority in generating
fluent, accurate, and well-structured translations.

(a) (b) (e}
9 B 90 %0
85l B~ SRS
isol 80|/ go|
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mBART-larg
BERT-Seq2
Transformer
BILSTM-CR
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55 55 55!
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FIGURE 7. BLEU score comparison chart: (a) Comparison chart in the
medical field; (b) Comparison chart in the field of information technology; (c)
Comparison chart under legal field

The high BLEU-1 score indicates that the proposed model
is more accurate in vocabulary selection. Its leading BLEU-
2 and BLEU-3 scores reflect the rationality of its word order
and phrase structure. The fusion feature zfuse, which jointly
anchors global domain semantics and local term centers,
maintains its leading BLEU-4 score, indicating that the
model can generate complete semantic units that conform
to professional language styles. The decoder focuses on
the correct professional context from the outset, thereby
maintaining terminology accuracy while taking into account
the overall coherence of the translation.
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D. GATED ATTENTION AND FEATURE FUSION TO
EFFECTIVELY ENHANCE BOUNDARY RECOGNITION
AND CONTEXT UNDERSTANDING

The term boundary F1 score and context sensitivity measure
the model’s ability to recognize term structure and respond
to contextual differences, respectively. Figure 8 shows the
F1 score and context sensitivity values for various fields.

(b)

90 MProposed
Bl Transformer-base
INBILSTM-CRF

(a)
EEMBART-large
85 85
80 i - 80
75 5
70 70 l l l
65 65

[IIBERT-Seq2Seq
Medical T Legal Medical T Legal

F1 Score (%)
CSI{

FIGURE 8. Comparison of F1 value and context sensitivity: (a) F1 comparison
chart; (b) CSI comparison chart

Figure 8 shows the cross-domain comparison results of
the proposed model and four baseline models in terms of
term boundary recognition ability and context sensitivity.
The proposed model achieves 88.2 %, 87.6%, and 87.0%
F1 and 87 %, 86.2%, and 86.3% CSI respectively in terms
of term boundary recognition ability and context sensitivity
in different fields, surpassing the suboptimal model. This
performance breakthrough stems from the deep integration
of structure perception and dynamic context modeling. Ex-
plicit boundary markers provide the model with prior signals
of term structure, while the gated attention BiLSTM builds
on this by dynamically adjusting the fusion ratio of local
states to global semantics based on context. The feature
fusion module further nonlinearly integrates BERT’s global
semantic summary with BiILSTM’s local term representa-
tion to generate a highly discriminative initialization state,
guiding the decoder to accurately generate domain-adapted
translations. The four mechanisms of domain-adaptive pre-
training, term structure perception, gated context modeling,
and multi-granularity feature fusion work together to con-
struct an end-to-end translation framework that can both
“recognize term structure” and “understand term context”,
alleviating the problems of domain mismatch and semantic
drift in the translation of specialized terminology.

V. CONCLUSIONS

This paper proposes an English-Chinese terminology trans-
lation model that integrates an improved BERT and BiL-
STM architecture, specifically designed to enhance the
accuracy of technical terms found in engineering and mate-
rial science documentation. Through domain-adaptive pre-
training, explicit term boundary marking, a gated attention
BiLSTM encoder, and multi-granularity feature fusion, this
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model systematically addresses the issues of weak domain
adaptation and insufficient context modeling. Evaluation
results confirm the superiority of our model over mainstream
baselines in terminology accuracy, consistency, and robust-
ness. It achieves explicit modeling of terminology structure
and context-sensitive generation, and bridges the semantic
gap between recognition and translation through end-to-end
optimization. This model provides an effective solution for
the practical application of machine translation in highly
specialized fields such as medicine, law, IT, and the complex
technical documentation used in manufacturing and quality
control.
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