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ABSTRACT To address translation inconsistencies, information omission, and poor readability in
bilingual summarization of textile-industry news, this study proposes a Domain-Enhanced Bidirectional
and Autoregressive Transformers (DEBART) framework based on the BART architecture. A high-
quality Chinese–English parallel corpus is constructed, and domain-specific terminology knowledge is
incorporated into the embedding layer through a gated-fusion mechanism to improve the accuracy
and consistency of professional term translation. In addition, a coverage mechanism is introduced to
suppress redundant content and enhance semantic completeness, while an FKGL-driven readability
optimization module dynamically adjusts sentence structures and lexical complexity to improve fluency
and reader accessibility. Experimental results demonstrate that the proposed model achieves ROUGE-1,
ROUGE-2, and ROUGE-L scores of 46.25, 25.76, and 42.84, respectively, outperforming conventional
sequence generation methods in both summarization quality and readability. The proposed framework
provides an effective solution for bilingual information processing in the textile industry and offers
valuable reference for intelligent multilingual information transmission, semantic communication, and
knowledge dissemination in electromagnetic-enabled communication environments and future antenna-
assisted information service systems, where accurate and efficient cross-language content delivery is
increasingly important.

INDEX TERMS bilingual summarization, domain-enhanced bart, readability optimization, semantic
communication, electromagnetic information transmission

I. INTRODUCTION

IN the context of globalization, the textile industry—an
important sector of production and trade—has a growing

demand for effective information dissemination. However,
when disseminating bilingual news summaries in the textile
industry, the differences in expression and professional
terminology between Chinese and English make direct trans-
lations prone to missing information or misunderstandings,
which affect the quality and accuracy of the summaries [1-
3]. At the same time, existing methods have limitations
in readability measurement, which reduce their practical
effectiveness. These problems not only hinder the accurate
transmission of information but also reduce the translation
quality and readers’ reading experience. In order to meet
these challenges [4-6], we investigated bilingual summariza-
tion for textile-industry news based on BART and employ a
readability optimization module to improve the efficiency
of information communication. The DEBART model is
based on the BART architecture and is domain-enhanced
to better adapt to the characteristics of the textile industry.
We introduce bilingual terminology dictionaries, integrate

textile-industry knowledge into the embedding layer, and
apply a gated-fusion mechanism to enhance term recognition
and translation, thereby mitigating term-meaning distortion.
We design a readability enhancement module with FKGL as
the core metric and integrate a multi-dimensional language
optimization strategy.

The innovation value of this research is significant: (i) to
build a high-quality bilingual corpus to support a domain-
adaptive summarization model; (ii) to build a DEBART
model to improve the accuracy and consistency of termi-
nology translation and transmission; (iii) to introduce a
coverage mechanism to improve information density and
logical coherence; (iv) to build a readability optimization
module to deeply integrate language quality control into
the generation process ensuring accurate content and fluent
language, enabling readers from different backgrounds to
understand it easily.

II. RELATED WORK
In the field of bilingual news summarization research, with
the continuous progress of natural language processing
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technology, the topic has attracted extensive attention. In
the research of text abstract technology, different scholars
have proposed a variety of models and methods for different
scenarios and problems. Pei et al. proposed a judicial
text summary generation model based on the knowledge
enhancement pre-training model, integrating judicial knowl-
edge and combining comparative learning to improve the
quality of the summary [7]; Wijayanti et al. investigated the
application of Vecmap and BiVec bilingual word embedding
methods in Indonesian–English [8]; Ning et al. proposed a
keyword-based Chinese news summarization method using
the seq2seq (Sequence-to-Sequence Learning) model that
is prone to generating semantically irrelevant words in the
abstract [9]; Zhang et al. proposed a method based on
a maximum boundary-correlation algorithm and a lexical-
semantic web–based summarization approach [10]; Singh
et al. aimed to develop an end-to-end method that can
generate short summaries and clear titles [11]. However,
most of the current abstract generation methods based on the
seq2seq model are still plagued by semantically irrelevant
vocabulary, and there is less research on bilingual abstract
generation of textile industry news.

In the field of abstract generation, the BART model
shows strong potential with its two-way encoding and an
autoregressive decoding mechanism [12,13]. Hartawan et al.
used the BART model to generate abstract summaries from
Indonesian texts [14]; Du proposed a dialogue summary
model based on BART to promote the development of dia-
logue summary tasks [15]; Holle et al.’s research found that
BART has a strong ability to denoise and generate coherent
summaries in news document summary tasks [16]. However,
due to the scarcity of corpus resources and poor model
adaptability, the BART model generation results often have
problems such as incomplete information and inaccurate
terminology [17-19], and most research focuses on general
fields. There is a lack of targeted optimization in vertical
fields such as textile industry news [20]. In view of this, this
article proposes the DEBART model, which is an improved
version of the BART model. For domain enhancement, we
integrate a professional corpus and terminology knowledge
related to textile industry news to improve the model’s
understanding and processing power of texts in this field;
at the same time, we introduce a readability optimization
module to solve the shortcomings of existing methods in
specific scenarios, and provide a more efficient solution for
the generation of bilingual summaries in vertical fields.

Readability optimization is the key to improving the
efficiency of bilingual news summary information commu-
nication and reader experience. Pantula et al. proposed a
machine learning-based model to calculate the readability
of web pages and use specific feature sets to classify the
readability of web pages [21]; Eleyan et al. believed that
the readability level can be measured by three formulas, of
which the Flesch–Kincaid level can be improved by finding
keywords and annotating statements [22]. These highlight
the importance of FKGL in text readability optimization.

III. RESEARCH ON BILINGUAL ABSTRACT
GENERATION AND READABILITY OPTIMIZATION OF
TEXTILE INDUSTRY NEWS
CONSTRUCTION OF BILINGUAL CORPUS OF TEXTILE
NEWS
In the task of bilingual abstract of textile industry news, the
lack of high-quality field corpus has become a limiting fac-
tor [23]. Therefore, we have constructed a Chinese–English
parallel abstract corpus in the textile vertical field. To obtain
a professional corpus, we used customized web crawlers
to collect content of authoritative sources in the global
textile industry from 2018–2023. These sources include the
Technical Bulletin of the International Federation of Textile
Manufacturers, the Official Bulletin of the China Textile
Industry Federation and professional media, etc., involving
the research and development of new fiber materials and
other sectors. We strictly complied with robots.txt rules and
scraped only publicly accessible content. In order to avoid
data leakage, a dual deduplication strategy based on URL
hash and text semantic similarity was adopted to ensure
that there was no overlap between the training set and
the test set. At the same time, the data set was divided
by hierarchical sampling to prevent information leakage
and ensure that the model evaluation was fair and reliable.
The collection of data was highly professional, and the
coverage rate of professional terms was calculated through
the constructed bilingual dictionary of terms in the textile
field (15,800 in Chinese and 21,000 in English). The custom
dictionary was loaded with Jieba for Chinese segmentation
and NLTK for English, combined with the TextileGlossary
terminology database. The statistical characteristics of the
textile bilingual news corpus are shown in Table 1.

TABLE 1. Statistics of the bilingual textile-news corpus      category

Category Chinese corpus English corpus

Number of news
documents (articles)

482 434

Average abstract
length

98.6 characters 72.3 words

Professional
terminology coverage
rate (%)

31.7 28.9

Theme distribution New fiber materials:
32%; Intelligent
manufacturing: 25%;
Green printing and
dyeing technology:
22%; Textile policies
and regulations: 21%

New fiber materials:
28%; Intelligent
manufacturing: 31%;
Green printing and
dyeing technology:
19%; Textile policies
and regulations: 22%

As shown in Table 1, the corpus contains 482 Chinese
news documents and 434 English documents. The aver-
age length of Chinese abstracts is 98.6 characters, and
the average length of English abstracts is 72.3 words,
reflecting the length difference when expressing the same
content in Chinese and English. In terms of the coverage
of professional terms, the Chinese corpus reaches 31.7%,
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and the English corpus is 28.9%, indicating that there are
many professional terms in textile industry news, which
is a challenge for the summary generation model. We
categorized news into core themes and industry standards
(e.g., new fiber materials, intelligent manufacturing) via
expert annotation. At the sentence level, we first screened
candidates using a length-ratio threshold, then retained pairs
with multilingual BERT similarity > 0.7. This approach
prevents misalignment caused by relying solely on average
length ratios, ensuring reliable alignment. Three domain
experts independently performed the annotation process
following a standardized terminology guideline, achieving
95% consistency. Furthermore, the final corpus verification
confirmed that this level of consistency was maintained, thus
avoiding any issues related to inconsistent labeling.

The expert annotation process followed rigorous stan-
dards: A unified terminology translation standard was es-
tablished before annotation, with a terminology database
provided. Sentences were categorized into high, medium,
and low difficulty levels according to the FKGL criteria.
Experts underwent standardized training covering alignment
rules and example exercises. During annotation, each expert
underwent two rounds of review - first independent anno-
tation followed by cross-verification of others’ results. To
ensure consistency, 10% of data were randomly selected for
alignment verification. When disagreements arose between
experts regarding sentence or paragraph alignment, a third
senior expert arbitrated and documented the reasons for
disputes. The arbitration success rate reached 95%, ensuring
high accuracy and quality in annotation.

CORPUS DATA PREPROCESSING
The collected textile industry news data needs to be pre-
processed and cleaned when constructing the data set. The
original news text is often mixed with noise and non-text
content. Affected by the characteristics of HTML (Hyper-
Text Markup Language) pages, irrelevant information such
as HTML tags, special characters, and line breaks also
appear in the text, which needs to be processed uniformly. In
processing textile-industry news, domain-specific segmen-
tation is crucial. The Chinese text segmentation of textile
industry news requires customized tools and domain dictio-
naries to accurately identify and segment professional terms
[24-26]. We adopt the Jieba segmenter, load a special textile
term dictionary, and use the Maximum Reverse-Matching
algorithm [27-29] to ensure the complete segmentation of
compound terms to avoid misclassifying “Sirofil core-spun
yarn” as “Sirofil core/spun yarn.” English text processing
uses NLTK’s standard tokenizer (Natural Language Toolkit),
combined with the TextileGlossary term database, to anno-
tate proper noun phrases. The Maximum Reverse-Matching
algorithm is used to segment the input text into words
[30,31], and the formula is expressed as:

MaxMatch(S) = arg max
t∈Dictionary

(Match(S, t)) (1)

where S is the text to be segmented; t is the term in
the domain term dictionary; and Match(S, t) represents the
matching degree between text S and term t. The similarity
matrix of Chinese and English textile terms and the match-
ing pair analysis are shown in Figure 1.

As shown in Figure 1, the left y-axis represents English
and the x-axis represents Chinese. Figure 1 intuitively shows
the cosine similarity between the six Chinese and the
corresponding English terms, and the color depth reflects
the degree of similarity.

After word segmentation, text alignment and annotation
are performed to ensure that the Chinese and English ab-
stracts are semantically accurate [32-34]. We adopt an expert
collaborative annotation mechanism, in which researchers
with a textile engineering background extract key factual
elements from the original news and construct a structured
Chinese abstract template; then, a professional localization
team performs terminology standardization and completes
the English translation; finally, the bilingual editor-in-chief
reviews the terminology consistency. Terms such as “warp-
knitted elastic fabric” must be strictly corresponding, and
readability classification labels must be annotated. Assum-
ing that the Chinese and English term pair is (CC, EE),
where CC is the Chinese term, and EE is the English term.
The formula is as follows:

Consistency(C,E) = True if f(C) = f(E) (2)

where f(C) and f(E) represent the standardized process-
ing results of Chinese and English terms, respectively.

Classification is performed based on the readability score
when generating readability grading labels. Setting the read-
ability score to Label(X) and defining T1, T2, and T3

grading thresholds. The formula is:

Label(X) =


High, if X ≤ T1,

Medium, if T1 < X ≤ T2,

Low, if X ≥ T3.

(3)

where T1, T2, and T3 are the thresholds for readability
scores, and the corresponding labels (high, medium, and
low) are obtained through readability analysis of the text.

DEBART MODEL CONSTRUCTION AND TERMINOLOGY
ENHANCEMENT
Given the sector’s globalization, automatic summarization
of textile-industry news has become essential for efficient
information transfer. However, when textile industry news
is transmitted across languages, it often faces three major
problems: terminology distortion, rigid sentence structure,
and poor readability. These problems not only hinder the
accurate transmission of information but also reduce the
quality of translation and affect readers’ understanding. The
BART model structure combines BERT [35-37] and GPT,
but unlike BERT, which only uses a single noise type,
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FIGURE 1. Similarity matrix and matching pair analysis of Chinese and English textile terms

BART employs multiple noise types on the encoder side.
This study uses a large-scale pre-trained model based on
BART, combining domain knowledge and structural inno-
vation to construct the DEBART model to achieve semantic
fidelity and expression optimization of bilingual summaries.
DEBART is based on the BART pre-trained architecture,
consisting of a 12-layer encoder and a 12-layer decoder,
with a hidden layer dimension of 1024. In DEBART, the
input sequence is first processed by a preprocessor to remove
noise and irrelevant information before being input into the
BART pre-trained model. The encoder uses a bidirectional
Transformer structure to obtain rich contextual information
about the input text.

The decoder uses a one-way autoregressive model to
generate an output sequence that is asymmetric with respect
to the input sequence, ensuring that the generated summary
conforms to the grammar and expression habits of the target
language [38,39]. During training, the model input contains
the original text and the reference summary. The reference
summary plays a guiding role and participates in summary
generation through the autoregressive decoder. The objective
is to minimize the negative log-likelihood function L(βc)
between the generated result and the standard summary, that
is:

L(βc) = −
T∑

t=1

logQ(yt | x, y < t;βc) (4)

where x is the input sequence; y < t is the output
generated by the decoder before; yt is the t-th word of the
target summary; βc is the model’s parameter; and T is the
length of the summary.

(1) Terminology consistency constraint Significant differ-
ences exist between Chinese and English terminology in
textile industry news. Improper handling during bilingual
abstract generation may lead to inaccurate or distorted
translations, compromising the quality of abstracts. DE-
BART enhances the BART model by incorporating textile-
specific term knowledge into its word-embedding layer, en-
suring precise translation of technical terms and improving
accuracy and consistency. To further optimize translation
effectiveness, DEBART employs a gated-fusion mechanism

that combines term vectors with original word embeddings
through weighted integration, enabling accurate processing
of terms while avoiding distortion. The system first extracts
term vectors from the dictionary, combines them with orig-
inal word embeddings, then calculates weight coefficients
based on contextual matching accuracy to dynamically
adjust the fusion level. The BART vocabulary is used to
convert the original text into a word-embedding vector, and
then the word word-embedding and the positional encoding
are added to obtain the original text feature Zenc

0 input to
the encoder. The formula is as follows:

Zenc
0 = At + Epe, Zenc

0 ∈ RN×dt (5)

where At ∈ RN×dt is the word embeddings vector
of the original text; N represents the sequence length of
the original text; dt represents the dimension of the word
embeddings vector; and Epe is the positional encoding of
the original text.

(2) Coverage mechanism The original text of textile
industry news has complicated sentence patterns and lengthy
descriptions. Streamlining and transforming it into concise
and smooth language is essential to improve the quality of
the abstract. However, in the decoder-side interactive atten-
tion sublayer, the calculation of the attention mechanism at
different times is independent of each other. The model may
repeatedly focus attention on a certain location in several
consecutive time slices, resulting in duplicate information
in the generated summary text. To solve this problem, we
introduce a coverage mechanism. First define the coverage
vector with an initial zero vector, which represents the
sum of the attention distribution at time t and reflects the
degree of coverage of the input words. Then incorporate
the coverage vector into the next attention calculation and
modify the attention weight. When such a model generates
new words, it will reduce attention to the area of interest,
increase attention to previously unattended tokens/words,
and effectively reduce duplicate words in the abstract.

Traditional PGN relies on coverage vectors to track source
text positions, with the core mechanism being attention
weight accumulation based on historical attention patterns
to prevent redundant pointing to the same source term.

VOL. 15, NO. 3, AUGUST 2026153



Y. Li et al.

(3) Beam search strategy In the process of bilingual
summary generation, the decoding strategy significantly
impacts the quality of the output results. To improve the
language fluency and naturalness of the English summary
while being faithful to the original information, this paper
applies the beam search strategy in the model decoding
stage to control the length and diversity of the generated
text effectively. In the beam search algorithm, given the
current candidate sequence set Ht−1, each time step t selects
a new candidate word based on the candidate sequence at
the previous moment. Assuming that the candidate word
sequence at the current time step is Ht, its calculation

However, this approach is only applicable in single-language 

scenarios and depends on explicit position tracking of 

source text. DEBART’s coverage mechanism introduces 

innovations by integrating bilingual term alignment fea-
tures: On one hand, its coverage vector not only tracks 

generated English summary positions but also correlates 

Chinese term semantic coverage status through a gating 

fusion mechanism. For example, when generating “carbon 

fiber”, it simultaneously marks the Chinese term " 碳 纤

维 " and its mapping relationship to avoid term ambiguity-
induced duplication. On the other hand,dynamic weigh
t adjustment implements priority rules for textile industry
terminology, ensuring gradual decay of high-frequency profe
ssional term coverage while maintaining sin-gular expressio
ns of core terms during long-text generation.

To improve the efficiency of model optimization, this pa-pe
r applies coverage loss in the loss function. In generating su
mmaries of textile news text, if the model focuses too m
uch on certain positions, it is easy to cause repetitive c
ontent in the generated summary, affecting diversity and i
nformation content. Coverage loss can effectively solve this 

problem. Assuming that at a certain time t, the model’s 

attention weight for word w is at, and the sum of all at
tention to the word in the previous time (from 1 to t-1) is ct

. If at time t, the attention weight at is less than the sum
of all attention to the word in the previous time ct; it mean
s that at time t, word w is over-focused. At this time,its at
tention weight should be reduced to prevent repeated atten
tion to the same position. Otherwise, if at> ct, it means t
hat at the previous time, the attention of word w is low,
and the model should pay more attention to it. The chang
e process of attention distribution after applying the cover
age mechanism is shown in Figure 2.

formula is:

Ht = arg max
ht∈{h1,h2,··· ,hk}

Q(mt | ht−1) ∗Q(ht−1) (6)

where ht is the state of the current candidate sequence;
Q(mt | ht−1) is the probability of generating the current
word mt given the previous sequence ht−1; Q(ht−1) is the
probability of the sequence at the previous moment; and k
represents the number of current candidate sequences.

When generating English summaries, the model maintains
a fixed beam width; that is, it simultaneously tracks multiple

most likely candidate sequences. By adjusting the beam
width, a balance can be achieved between generation quality
and computational complexity. A larger beam width is
conducive to exploring more expressions and improving
language diversity and logical coherence; a smaller beam
width makes converging to a locally optimal solution easier.
The changes in the length and diversity of the generated text
under different beam widths are shown in Figure 3.

In Figure 3, the x-axis represents “beam width” (a
dimensionless integer parameter), while the y-axis shows
the “average length of generated text” measured in word
count. The Distinct-2 metric quantifies textual diversity
using the formula: Diversity = 1-(Number of repeated binary
grammatical structures / Total number of binary grammatical
structures), with values ranging from [0,1]. Higher values
indicate more diverse vocabulary and richer expression. The
results demonstrate that as beam width increases, the aver-
age length of generated text gradually rises and stabilizes,
suggesting that incorporating more candidate paths into the
selection process enhances content information density or
length. The diversity metric shows a rapid initial increase
followed by stabilization, indicating that introducing more
candidate paths improves the uniqueness and novelty of
output text.

This paper sets the beam width to 9 during the DE-
BART model’s decoding phase, as illustrated in Figure 3.
The figure demonstrates that as beam width increases, the
average text length and diversity initially rise rapidly before
stabilizing. When beam width is smaller, the model can
explore more paths to improve summary quality, though the
improvement remains limited. At beam width 9, the process
approaches a plateau phase. This configuration ensures
both model-generated quality and diversity while controlling
computational complexity and decoding time, achieving a
balance between output effectiveness and efficiency.

READABILITY OPTIMIZATION MODULE
CONSTRUCTION
Fluency and readability are essential when generating bilin-
gual summaries of textile-industry news, especially for
English outputs. Improving legibility substantially enhances
communication effectiveness. To this end, this paper con-
structs a readability enhancement module that integrates
multi-dimensional language optimization strategies, intro-
duces FKGL as the core readability evaluation metric, and
measures the reading difficulty by calculating the aver-
age sentence length and the number of syllables of the
word, and incorporates FKGL into the generation control
during training and inference, dynamically adjusting the
sentence length and vocabulary complexity to ensure that
the English abstract not only accurately conveys the original
information, but also has good readability. For long and
difficult sentences, the model prioritizes simplification or
splitting to reduce the reading burden. In addition, this
article also designs a sentence pattern conversion template
and conjunctive guidance strategy to optimize the structure
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FIGURE 2. Changes in attention distribution after the application of the coverage mechanism

FIGURE 3. Line graph of generated text length and diversity under different beam widths

and fluency of the abstract. By adjusting the original sen-
tence pattern and adding conjunctions, the description of
technical parameters and professional terms is more concise
and easier to understand, ensuring that the logical rela-
tionship between sentences is clear, significantly improving
the quality of the abstract, and more in line with readers’
reading habits. In the DEBART model, the FKGL algorithm
not only serves as a readability evaluation metric but also
actively participates in the generation process, enabling
dynamic sentence simplification and conjunction addition.
During summary generation, the model first calculates the
FKGL score of the current text to assess complexity. If the
score exceeds a preset threshold (e.g., 8 corresponding to
medium difficulty), the sentence simplification mechanism

is activated. This mechanism applies gating and adjusts term
vectors and word-embedding weights to prioritize simple
sentence structures, such as splitting complex sentences.
DEBART’s conjunction addition strategy utilizes sentence
transformation templates and attention weight adjustments.
The model contains a built-in template library with more
than 200 transformation rules, automatically matching tem-
plates when the FKGL score exceeds the threshold.

This study addresses Chinese text readability evaluation
by developing a multi-dimensional assessment system that
integrates syntactic complexity and term density, instead of
directly adopting the FKGL metric. The system measures
syntactic complexity through average sentence length and
clause quantity, calculates term proportion using specialized
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terminology dictionaries, and incorporates linguistic features
like conjunction frequency and punctuation complexity. A
Chinese readability scoring model was trained on expert-
labeled corpora, with manual ratings from textile industry
experts using a 5-point Likert scale. In DEBART’s read-
ability optimization, Chinese abstracts enhance information
clarity through term consistency control and coverage mech-
anisms, while English abstracts explicitly employ FKGL
metrics to dynamically simplify syntax and adjust vocabu-
lary. This divide-and-conquer strategy for Chinese–English
processing accommodates distinct linguistic characteristics,
ensuring generated summaries achieve both semantic accu-
racy and reader-friendly readability.

IV. BILINGUAL ABSTRACT QUALITY ASSESSMENT
SYSTEM
EXPERIMENTAL ENVIRONMENT
The specific experimental environment is shown in Table 2

TABLE 2. Experimental environment setup

Serial number Parameter Set up

1 Operating system Ubuntu 18.04
2 CPU (central processing unit) Intel i5-6200U
3 Memory 32 GB
4 Attention heads 16
5 Learning rate 2e-5
6 Dropout 0.1
7 Epochs 16
8 Batch size 32

As shown in Table 2, to ensure efficient and stable model
training and evaluation, this experiment adopted Ubuntu
18.04 as the operating system platform. The hardware
configuration utilized an Intel i5-6200U processor to provide
sufficient computational power for data processing. The
model architecture featured 16 attention heads to enhance
feature capture capabilities, with a learning rate set at 2e-5
and a dropout rate of 0.1 implemented to prevent overfitting,
thereby ensuring the model’s generalization ability.

EXPERIMENTAL EVALUATION INDICATORS
ROUGE evaluates summarization by comparing overlaps
between generated and reference summaries. In this study,
we implemented standardized experimental protocols: Chi-
nese text was segmented using Jieba, while English text
utilized NLTK’s standard segmentation tool. Evaluation
retained stop words, with all ROUGE scores calculated
using the F1 metric that balances recall and precision to
maintain both information completeness and accuracy. The
calculation formula of ROUGE-N is as follows:

ROUGE-N =

∑
S∈{Ref}

∑
gramN∈S Countmatch(gramN )∑

S∈{Ref}
∑

gramN∈S Count(gramN )
(7)

where gramN denotes an n-gram; for example, gram1

denotes a unigram. Countmatch(gramN ) represents an n-

gram subsequence in the model-generated summary that
is the same as the reference summary. Count(gramN )
represents an n-gram subsequence in the reference summary.
Ref represents the reference summary content.

Because higher coverage of key information generally
indicates better quality, we use key-information coverage
as an evaluation metric to more accurately evaluate the
summary generation effect. The calculation formula is as
follows:

Coveragekey(D,S∗) =

∑
g∈S∗ t(g ∈ keyD)

|keyD|
(8)

where D and S∗ represent the summary content of the
original document and the model generated, respectively;
keyD represents the keyword information in document D;
t represents the indicator function.

This study integrates text salience analysis with domain-
specific dictionary extraction for key information extraction.
The TextRank algorithm is employed to calculate candidate
word importance scores, while a textile terminology dic-
tionary is applied to assign higher weights to specialized
terms. The top 15% ranked vocabulary and terminology
are selected as the keyword set, with exact matching im-
plemented during coverage calculation. Experimental data
are divided into training, validation, and test sets in a 7:2:1
ratio, incorporating both Chinese and English corpora. Chi-
nese ROUGE evaluation combines Jieba segmentation with
dictionary-based term segmentation, retaining stop words in
both languages, with F1 scores serving as performance met-
rics. Human evaluations are conducted by seven experts us-
ing a five-point scale across four dimensions: terminological
accuracy, fluency, coherence, and information completeness.
The original data are divided as shown in Table 3.

TABLE 3. Original data partitioning

Language Total documents Training set Verification set Test set

Chinese 482 337 96 49
English 434 304 87 43
Total 916 641 183 92

EVALUATION METRIC ANALYSIS
To comprehensively evaluate the Chinese summary genera-
tion capabilities of the DEBART model in textile industry
news, this study selected multiple representative traditional
text generation models as comparative baselines, includ-
ing RNN-context (Recurrent Neural Network with Con-
text), BART, seq2seq, Bi-LSTM, BERT, and ASTCL (Ab-
stract Summarization Model Based on Topic-awareness and
Contrastive Learning). Among these, BERT was excluded
due to its lack of autoregressive generation capability. In-
stead, we compared its extractive summarization approach—
specifically, fine-tuning BERT to score sentence importance
and select Top-N sentences for combined summaries—as a
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robust extractive baseline. All baseline models were imple-
mented using standard open-source code, with datasets par-
titioned proportionally from the same textile news corpus.
Hyperparameters were rigorously tuned to ensure optimal
performance and experimental fairness. Multi-dimensional
analysis was conducted using core metrics such as ROUGE
and Coverage, with results presented in Table 4.

TABLE 4. Performance comparison of different summary generation models

Model ROUGE-1 ROUGE-2 ROUGE-L Coverage

DEBART 46.25 25.76 42.84 26.82
RNN-context 39.82 19.44 36.75 18.41
BART 36.94 17.52 33.86 18.06
seq2seq 31.95 14.72 29.36 14.18
Bi-LSTM 38.11 18.27 35.03 17.69
BERT 35.28 16.65 32.41 16.07
ASTCL 41.67 20.53 38.12 21.44

Table 4 shows that in the task of generating news sum-
maries in the textile industry, the DEBART model performed
well and was significantly better than other models. It re-
ceived the highest scores on the four indicators of ROUGE-
1, ROUGE-2, ROUGE-L and Coverage, 46.25, 25.76, 42.84
and 26.82, respectively, highlighting the advantages of gen-
eration quality and information integrity. The scores of
traditional models are generally low, reflecting the lack
of processing complex semantics and long text. Although
BART has strong semantic modeling ability, its score is still
lower than DEBART, indicating that the improvements to
the BART architecture proposed in this study have enhanced
its ability to capture and express key information. DEBART
scored high on ROUGE-1 and ROUGE-2, indicating that the
vocabulary level of the generated results is highly consistent
with the references, with accurate and natural expression;
ROUGE-L indicates sentence structure and semantic coher-
ence close to human-written summaries. The high coverage
score indicates that while retaining key information, it can
effectively reduce redundancy and omissions, which is of
great significance in the generation of news summaries in
the textile industry.

In order to comprehensively evaluate the performance of
the DEBART model in the task of generating bilingual sum-
maries of textile industry news and compare it with other
mainstream sequence modeling methods, this study con-
ducted 200 independent runs with different random seeds.
Under a fixed dataset split, we initialized model parameters
with different seeds and repeated training/evaluation to
obtain a stable performance distribution, plotted the loss
curve, and computed the average loss. In order to control
the risk of overfitting and selective reporting, the training
was strictly based on the performance of the verification
set, and the results are based on the independent test set;
the average performance of 200 experiments was taken, and
the ranking of the results was consistent with a single fixed
seed experiment, indicating that the performance advantage
of the model is stable. The final conclusion is based on

the average performance of the model on a fixed test set
to ensure that the results are repeatable and reliable. The
experiment involved DEBART, RNN-context, BART and
other models, and the results are shown in Figure 4.

FIGURE 4. Comparison of loss curves and loss value rankings of different
summary generation models. Figure 4A: Loss curve. Figure 4B: Loss value

ranking

As shown in Figure 4A, the DEBART model rapidly
decreases in the early iteration stage due to the application
of the domain enhancement mechanism and coverage loss
control strategy and remains stable in subsequent training,
reflecting good learning efficiency and stability. Although
models such as ASTCL and RNN-context also have a
downward trend, the speed is slow, and the fluctuation is
large, reflecting the limitations of processing professional
terms and complex sentences. To highlight the differences
in model performance, Figure 4B shows the average loss
value of each model at the end of the training, which is
calculated based on the results of 200 experiments and is
sorted from smallest to largest by final loss, namely DE-
BART, ASTCL, RNN-context, Bi-LSTM, BART, BERT, and
seq2seq, which is consistent with the expected performance
ranking. To quantify the contributions of the core modules
(terminology enhancement, coverage mechanism, readabil-
ity optimization) in this study, we designed systematic ab-
lation experiments. Conducted under standardized software-
hardware environments with fixed random seeds to ensure
reproducibility, the test sets were independently constructed
and kept hidden during training parameter tuning. Represen-
tative baseline models were selected and hyperparameters
were thoroughly optimized to ensure fair comparisons. The
evaluation system integrated automated metrics with human
assessments to comprehensively and objectively measure
generated summary quality from multiple dimensions. Ex-
perimental results are presented in Table 5.
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TABLE 5. Analysis of ablation experimental results of DEBART model

Model abbreviation Model configuration 
                                                 description

ROUGE-L (F1)

BART Original BART model  33.86

+ Term BART + Terminology 
enhancement (gated-fusion)

+Term+Cov + Term + coverage
mechanism

+Term+Cov+FKGL +Term +Cov +
readability optimization 

(FKGL)

DEBART (Full) +Term +Cov +FKGL
+beam width = 9

Table 5 demonstrates that each core module of the DE-
BART model makes significant incremental contributions.
Compared to the original BART baseline, progressive in-
tegration of modules yields systematic improvements: The
term enhancement module significantly boosts ROUGE-
L and term accuracy rates, highlighting the critical role
of domain knowledge infusion in preserving professional
terminology fidelity; The coverage mechanism further im-
proves ROUGE-L and term accuracy to 90.8%, effectively
suppressing redundancy while enhancing content density;
Although the readability optimization module shows min-
imal improvement in ROUGE metrics, it substantially re-
duces FKGL values, elevates human readability scores, and
enhances linguistic fluency; The fully optimized DEBART
model incorporating beam width adjustment achieves op-
timal performance across all metrics, validating both the
effectiveness of its design and the synergistic effects among
components.

V. CONCLUSION
This research focuses on issues such as inconsistent transla-
tion of terms, missing information, and poor readability of
English summaries in the generation of bilingual summaries
of textile industry news, and proposes an optimization
method based on DEBART. We built a high-quality Chinese
and English textile news corpus, including professional
terminology and industry knowledge, to provide data sup-
port for the model, and make up for the shortcomings of
traditional methods in terminology processing. At the model
level, DEBART injects domain term information on the
basis of BART, and uses a gating mechanism to integrate
term vectors and original word embeddings to improve the
accuracy and consistency of term expression. We introduced
a coverage mechanism, dynamically adjusted the distribu-
tion of attention, and suppressed the generation of repetitive
words, and improved the completeness and coherence of the
abstract. In the readability optimization stage, a readability

threshold based on FKGL was set to dynamically optimize 

the sentence structure and vocabulary complexity to ensure 

accurate semantics and smooth language. Experiments have 

shown that DEBART performs best on indicators such as 

ROUGE-1 and ROUGE-2, with the leading readability score 

and the lowest FKGL score, which effectively improves 

the consistency and naturalness of bilingual terminology,
enhances the readability and user experience of English 

summaries, and provides a feasible path for automatic news 

summarization in the textile field.
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