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Abstract. The white paper China 's Space Prograe is published o offer a brief
introduction to China's achievements in this field and its main (asks in the future, in
order to help the imemational community better understand China’s space indus-
try. It is not only an official document of the government, but also an important way
e constructing China’s image. This paper conducts a corpus-based study of trans-
lation and China’s image by analyzing the translation of original text and kevwords
of English text. Findings show that the white paper presents a multi-dimensional
image of China, including echnolegical leader, intemational cooperation partner.
innovation driver, global contributor, advoecate for sustainable development., and
space exploration pioneer.
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1 Introduction

In recent years, with the continuous acceleration of globalization in our country and
the significant improvement of China’s intemational influence, the study of China’s
image construction has received great attention from the government and academia.
Kaibao Hu and Xin Li (2017) believe that the existing research on China’s image is
mainly qualitative research, and corpus-based research on China's image is quite rare.
As a special cross-cultural exchange activity, the role of translation in the shaping and
dissemination of China’s image cannot be ignored. Political text translation can directly
disseminate the China’s image it builds to foreign audiences. In view of this, we should
vigorously carry out research on translation and China's image, especially corpus-based
translation and China's image research.

General Secretary Xi Jinping pointed out that “exploring the vast universe, develop-
ing the space industry, and building a space power are our space dreams that we have
pursued unremittingly.” China has always regarded the development of the space indus-
try as an impornant part of the country's overall development strategy, and has always
adhered to the exploration and use of outer space for peaceful purposes. Our country s
space industry has created brilliant achievements represented by “two bombs and one
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satellite”, manned spaceflight, lunar exploration, and Mars exploration. It has embarked
on a development path of self-reliance and independent innovation, and has accumulated
a profound and broad space spirit. Relevant white papers record China's development
and achievements in the space field. So far, the State Council Information Office of China
has issued five white papers on China's Space in 2000, 2006, 2011, 2016 and 2021. These
white papers are not only official government documents, but also important tools for
shaping a country’s image.

This research will start from the theory of imagery, use corpus data as an analysis
method, use the original Chinese text and official English translation of the 2011, 2016,
2021 China’s Space Program white paper as the research corpus, and vuse the British
National Corpus (BNC) as the reference database to explore the theme words and trans-
lation effects of the China’s Space Program, and explain how the Chinese government
shapes its own international image through space texts. This research helps to supple-
ment the corpus-based space political texts and the relevant literature on the English
translation of the white paper, in order to expand the research field of corpus linguistics
and translation studies. Secondly, doing a good job in the translation of political texts can
enhance the international community's understanding of China’s policies and policies,
and ultimately achieve the goal of building a good national image of China, enhancing
the international influence of Chinese discourse and promoting the self-shaping of the
national image (Li Xie and Yinquan Wang 2018).

This research mainly answers the following questions:

First, compared with the British National Corpus, what are the subject words in the
English translation of the China's Space Program?

Second. what kind of China's image is constructed by the China's Space Program?

2 Imageology in Translation

Imageology is one of the research categories of comparative literature. The constructed
nature of image or identity is the core of image research (Leerssen J 2007). Traditional
imageology research mainly focuses on the attention of the image itself, especially
the description of the “hetero image™ constructed in literary works. In contrast, modern
imageology not only examines the process of the generation and dissemination of “hetero
image", but also pays special attention to how these images promote the construction and
evolution of the national cultural identity and image. In the field of translation studies, the
discussion of “hetero image™ is not the ultimate goal of researchers, but more focused on
analyzing how these images have an impact on the shaping of their own national image
and identity through the production and dissemination of translation {Xiaoyun Zhang
2011).

Since the 1980s, many scholars of translation studies have discussed the issue of
image building. Cultural Encounters in Translated Children’s Literature: Images of
Australia in French Translation, published by 5t. Jerome's Publishing House (2007},
and Mnterconnecting Translation Studies and Imagology, published by John Benjamin
Publishing House (2015), are representative research results of the combination of trans-
lation studies and iconography abroad. In China, Yilin Publishing House published
Zhang Xiaoyun's doctoral thesis “Imagery Perspectives in Translation Studies - A Case
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Study of Kerouac's on the Road™ in 201 1. Foreign Language Teaching and Research
Press published Dr. Lu Xiaojun's “MNational Image and Foreign Propaganda Translation
Strategies” in 2015. In 2016, Shanghai Jiao Tong University held the first high-end forum
on China's image research. Many scholars emphasized that the role of translation in the
construction of China’s image must be given enough attention (Hongyun Wang 2018).
With the wide application of imagery in translation studies. the construction of self-
image and the interaction between hetero image and self-image have become important
research contents of modern imagery.

The research methods of modern iconography include text internal research and
text external research. Text internal research mainly discusses what kind of image is
constructed in the text and how to construct the image, while text external research
focuses on external historical and cultural factors that affect the construction of the
image. This paper mainly starts from the internal research of the text, and makes a case
analysis of the national image constructed in China s Space Program.

To sum up, the research field of China’s image needs to be expanded and innovated.
First, the application of corpus technology, giving full play to the technical advantages
of corpus in text analysis, using both qualitative and quantitative methods, combining
description and interpretation, starting from the regularity of the application of specific
language structures, reveals the China's image constructed by specific texts: second,
based on the relevant theories of iconography, explore the internal reasons for the for-
mation of China’s image from the text level and the ideological level, and analyze how
to shape the China's image at the symbolic level; third, the translation of white papers in
the aerospace field can supplement the relevant literature on the translation of scientific
and technological and political texts. In the context of the rapid development of our
country's space industry, it is of great significance for the times to enhance the inter-
national community's understanding of China’s space industry and to carry out foreign
translation research on space white papers.

3 Research Design

3.1 Introduction to the Corpus

White Paper is an internationally recognized official document, an important document or
report officially issued by the government on an important policy or issue, and an impor-
tant carrier and means of external publicity (Meisong Chen and Hui Wang 2020). So far,
the Chinese government has issued five China’s Space Program in 2000, 2006, 2011,
2016 and 2021, mainly introducing the practical achievements of China’s aerospace to
achieve innovative leapfrog development, promote the modernization of space gover-
nance, and actively carry out international space exchanges and cooperation. It expounds
China’s policy concepts and proposals for in-depth international exchanges and cooper-
ation in space and promoting the construction of a community with a shared future for
mankind in outer space. Looking forward to the next five years, China’s aerospace will
embark on a new journey of building a space power in an all-round way and build a new
pattern of space international cooperation. Vision s not only an official document of the
government, but also an important tool for shaping the country’s image.
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In order to ensure the authority of the corpus and the accuracy of the research, this
study collected the Chinese and English bilingual texts of the three China's Space Pro-
gram issued by the State Council Information Office (scio.gov.en) of the People's Repub-
lic of China in 2011, 2016 and 2021 as the target corpus, including 33,719 characters in
Chinese corpus and 20,617 characters in English corpus.

3.2 Research Methods and Procedures

In the process of text research. this study uses a combination of quantitative and quali-
tative analysis methods. First, the sentence-level alignment of the corpus is camied out
using the Tmxmall platform software; second, the corpus retrieval and analysis software
AntCone is used to count the subject words of the corpus; then, the corpus retrieval tool
BFSU Paraconcl.2.1 is used to conduct text retrieval to label and classify representa-
tive Chinese vocabulary and translation statistics; finally, on the basis of the previous
steps, in-depth analysis, research and discussion are carried out to draw research con-
clusions. The authoritative interpretation platforms for Chinese and English vocabulary
involved in the research process include Oxford Learmer's Dictionaries online dictionary,
terminology online platform, etc.

First, we use the AniConc 3.5.8 to extract the top 20 keywords from the corpus
of China's Space Program. We will sont the keywords according to their keyvness to
generate a thesaurus. Kevwords refer to words that appear far more frequently than the
normal when compared with the reference text (Scott M and Tribble C 2006). Since
different keywords represent ditferent work themes and their focuses, through the study
of keywords, we can draw the focus of the text, and thus get the Chinese image it
builds. In addition, we will also select representative Chinese vocabulary and its English
counterwords in the original text for research to explore the translation effect of the white

paper.

33 Research Findings

We use the Antconc 3.5.8 software to generate the BNC glossary of the English transla-
tion of China s Space Program, and sort it by keyness. The top 20 keywords are shown
in Table 1:

It can be seen from the table that with BNC as the reference, the two words with
the highest theme in the English translation of China's Space Program are space and
China, which shows that the content of the white paper of China’s Space Program is
closely related to the development of the country’s aerospace industry, which coincides
with the title of the text. Since space is a word with a relatively broad concept, we
study its collocation words in order to obtain more detailed information. Taking space
as the node word and three words on the left and right as the span, we use Antconc to
count its collocation words in the English translation of China's Space Program. We
use the mutual information value (MI) of the two as the collocation intensity standard,
select high-frequency real words with a mutual trust value of 3 or more with space, and
arrange them by frequency to explore the specific fields that China's acrospace industry
is involved in (Table 2).
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Table 1. China’s Space Program in the BNC glossary

Order | Keyword Keyness Order Keywaord Keyness

1 space 6916.46 11 beidiou 67016

] | china 380859 |12 science 589.49

3 satellite | 2913.93 13 international 586.28

4 satellites w7187 | 14 wo 56242

5 | cooperation 149495 15 earth 55993

6 and 122015 16 development 55304

T navigation 1285 17 spacecrafl 338.73

8 ' launch 00.11 18 ubservation 52764

9 exploration T96.2 19 communications 52571

] | lumar T21.75 0 spaceflight 471.02
Table 2. China's Space Program in the BNC glossary

Collocation M1 Frequency

sCience 4.06 99

technology 369 60

ouer 4.14 6

debris 4.34 46

deep 4.59 41

ENVIFORMEn! 378 28

By studying the collocation words of space, we can have a clearer understanding of
China’s space industry: first, China's space industry is based on science and technology.,
second, China's space industry mainly involves outer space and deep space exploration,
and finally China's space industry is also committed to solving space environmental
problems. According to the above research methods, we can clearly understand the key
points of the text by studying the BNC keyword vocabulary in the English translation
of China’s Space Program, and thus get a clear understanding of what kind of China's
image is constructed through the text:

Technology Leader

China’s development and achievements in the aerospace field demonstrate its strong
strength in the high-tech field. From the “science™ in the keyword list, it can be seen
that the Chinese government has invested heavily in aerospace science research, and has
carried out research in many fields such as space physics, astronomy. and microgravity
science, and the research level is at the forefront of the world. From the “beidou, tt
(TT & C: Tracking, Telemetry and Command)” in the keyword list, it can be seen that
the construction of the Beidou satellite system marks China's achievements in the field
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of satellite navigation that have attracted worldwide attention. The successful research
and development of this system has won China the voice over in the field of global
navigation satellite systems. and has shown the world China’s outstanding strength in
scientific and technological innovation and engineering technology.

International Partner

From the words “cooperation, international, communications™ in the glossary, it can be
seen that China actively advocates international cooperation in the field of space, and
conducts joint projects with other countries and international organizations to jointly pro-
mote space exploration and scientific research, which is reflected in the joint development
of space exploration missions, international satellite cooperation, and international space
station cooperation. At the opening ceremony of the United Nations/China Global Part-
nership for Space Exploration and Innovation Symposium, the National Space Admin-
istration issued the “China Aerospace Initiative to Promote the Construction of a New
{ilobal Partnerszhip for Space Exploration and Innovation”; the National Space Admin-
istration also took the lead in launching multilateral cooperation projects such as the
International Lunar Research Station. the BRICS Remote Sensing Satellite Constella-
tion, and the “Belt and Road Initiative™ Space Information Corridor, and continued to
implement the Asia-Pacific Space Cooperation Organization Multi-mission Small Satel-
lite Project. These measures reflect China's image as an open and cooperative country,
willing to share knowledge and resources with global partners.

Innovation Driver

China has demonstrated its innovative capabilities in the space field through a series of
exploration missions, satellite technology applications, ete. From the “exploration™ in the
subject thesaurus, it can be known that China has successfully camried out a series of lunar
exploration and deep space exploration missions, such as the Chang’e lunar exploration
project and the Tianwen Mars exploration mission. The Chinese government will con-
tinue to promote deep space exploration of Mars and asteroids, and make contributions
to human exploration of the universe. From the “development” in the subject thesaurus,
it can be known that the Chinese government regards the space industry as an impor-
tant part of high-tech industries and innovation-driven, and supports the research and
development and innovation of space enterprises through national policies to promote
the continuous development of space technology. The Chinese govemment has encour-
aged space enterprises to carry out technological innovation through policy support and
investment, demonstrating the country's determination and ability in innovation.

Global Contributor

From the words “satellite, beidou, navigation™ in the thesaurus, it can be seen that the
Chinese government actively promotes the development of satellite technology, covering
communications, navigation, remote sensing and other fields. For example, China’s
Beidou Navigation Satellite System is one of the largest satellite navigation systems in
the world, providing high-precision positioning and navigation services for global users.
The Chinese government promotes navigation applications and cooperation at home and
abroad by promoting the Beidou system. China’s Beidou Navigation Satellite System has
achieved global coverage, providing positioning, navigation, iming and other services
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for global users. The Chinese government will continue to improve the Beidou system
and provide more accurate and global navigation services. China’s Beidou Navigation
System provides services for global users, and China’s lunar exploration missions and
deep space exploration have also contributed to the space exploration of all mankind. This
has created an image of China actively participating in global affairs and contributing to
the common well-being of mankind.

Space Exploration Pioneer

From the words “launch, lunar, spaceflight” in the title list, it can be known that China
has demonstrated its enthusiasm and strength for space exploration through deep space
exploration missions such as lunar exploration and Mars exploration. The Chinese gov-
ernment supports satellite launch and deep space exploration missions by developing
reliable rocket launch technologies. China’s Long March series rockets have extensive
commercial launch services at home and abroad, which has promoted the development
of the space industry. The Chinese government has formulated a long-term plan for
lunar exploration, including the implementation of lunar roaming and sampling return
missions. The Chang’e series probes have successfully achieved missions such as soft
landing, patrol and sampling on the lunar surface, providing valuable data for future lunar
scientific research. The Chinese government is committed to achieving the long-term
goal of manned spaceflight in space flight, developing astronaut training, space station
construction, ete. China's spaceflight also demonstrates the country’s leading position
in space exploration, establishing an image of a pioneer in space exploration.

To sum up, through its development and policies in the space sector, China has built a
multi-dimensional image of a scientific and technological leader, an international partner,
an innovation driver, a global contributor, a supporter of sustainable development, and a
picneer in space exploration. These images reflect China's achievements and influence
in the space sector, while also reflecting the country's values and long-term development
goals.

4 Discussion

Through the study of the English translations of the three recent white papers China s
Space Program, we obtain the BNC glossary of the English translation of the white paper
China s Space Program and the modern Chinese corpus glossary of the original white
paper China's Space Program. By studying the English translation of the China's Space
Program white paper on the BNC subject word vocabulary, we can clearly understand
the key points of the English translation. and thus get a multi-dimensional China's
image of a scientific and technological leader, international partner. innovation driver,
global contributor, sustainable development supporter, space exploration pioneer, etc.;
by comparing the original white paper China’s Space Program to the subject word
vocabulary of the modern Chinese corpus and the English translation of the China's
Space Program white paper to the BNC subject word vocabulary. According to the above
research results, we can summarize the significance of this research into the tollowing
three points:
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From “Aerospace White Paper™ to “National Image™

As the official document of the Chinese government on space development, the white
paper China 's Space Program has important national significance. First of all, the white
paper introduces the purpose, principles, current situation, goals and interational coop-
eration of the Chinese government in space development at home and abroad, providing
transparent and authoritative information for the international community and demon-
strating China’s ambitions in the space field. By studying the white paper, it is possible to
deeply understand the Chinese government’s strategic planning in the space industry and
provide a more comprehensive and in-depth understanding for the international commu-
nity. Secondly, the white paper is not only an official document of the government, but
also an important tool for shaping the national image. By applying the theory of imagery,
it is possible to deeply explore the China's image constructed in the white paper, such as
multi-dimensional images of scientific and technological leaders, international partners,
and innovation drivers. This helps to understand the strategic positioning of the Chinese
government in the space field and its self-presentation on the international stage. By
studying these constructed images, the position and role of the Chinese government in
the zlobal space field can be better understood.

From “Aerospace White Paper™ to “Aerospace Industry™

At the level of the aerospace industry, the study of the white paper China’s Space
Program has a profound impact. First of all, the white paper reveals China’s scientific and
technological strength and innovation ability in the aerospace field. Through the analysis
of keywords and keywords in the white paper, we can understand China’s advantages
and characteristics in aerospace technology, R&D, innovation, ete., providing important
reference for domestic and foreign enterprises and scientific research institutions. This is
of positive significance for promoting international cooperation in aviation science and
technology and promoting industrial innovation. Secondly, the international partnerships
imvolved in the white paper also have an important impact on the development of the
aviation industry. Through the introduction and emphasis of international cooperation
in the white paper, we can understand the partnerships in the aerospace field that China
is actively expanding globally. This will contribute to the international development of
the aviation industry, promote resource sharing and cooperation on a global scale, and
promote technological innovation and exchange of experience.

From “Translating the World™ to “Translating China™

In recent years, there have been some obvious new trends in the development of the
translation industry. First. the shift from the “translating world” in the past to “translat-
ing China™. At the translation level, studying the white paper China's Space Program
has unigue value for language dissemination and international exchanges. First, by com-
paring the original Chinese and official English translations of the white papers in 2011,
2016, and 2021, we can deeply explore the cultural nuances in the translation process,
the adjustment of language expression, and the differences in information transmis-
sion. This is helpful for understanding the Chinese government’s translation sirategy in
international communication, and provides a reference for improving the international
recognition of China’s aerospace image. Secondly, studying the translation effect of the
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white paper can help improve the international dissemination level of Chinese scien-
tific and technological documents. By analyzing the possible problems and challenges
in franslation, we can provide lessons for the translation of similar documents in the
future, and improve the international readability and acceptance of Chinese scientific
and technological documents.

Owerall, the study of the white paper China’s Space Program involves not only
policy formulation and image construction at the national level, but also scientific and
technological development and international cooperation in the aerospace industry. At
the same time, it also pays attention to language dissemination and cultural expression at
the translation level. This multi-faceted research helps to comprehensively understand
China’s development strategy in the agrospace field and provides a clearer understanding
for the international community. At the same time, for the aerospace industry and the
translation field, the research results also have positive guiding significance, promoting
the healthy development of related fields.

5 Conclusion

This research is helpful to supplement the corpus-based aerospace political texts and
the relevant literature on the English translation of the white paper, so as to expand the
research field of corpus linguistics and translation studies. Secondly, it can enhance the
international community's understanding of China's policies and policies, and ultimately
achieve the purpose of building a good national image of China, enhancing the inter-
national influence of Chinese discourse and promoting the self-shaping of the national
image. The limitation of this study is that only one representative real word was selected
when conducting translation effect research. so the conclusion is not comprehensive
enough. The next step of research can start with the English translation of traditional
cultural words, and explore the wonderful relationship between China’s aerospace and
Chinese traditional culture from the Chinese and English texts of the white paper China s
Space Program, so as to provide more materials for telling Chinese stories and Chinese
culture going global.
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UG SR P Al 287 E IR BGE R 44 S L3 A R ARDUGE F A X
TCRE AR R A AR 22 22BN DA L WU,

© X REIEEE WM (Shi 2R B M AT AR ) |, C( Classifier) AR = 171, N
(Noun) & #411],
14
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= BURLAE AR Ao R 0 4 39T e A

Goldberg (2006 69) Wk, = 9ie e A SR X A —5
A REIE N Z A 3, LR X — Bt e, 5200 20 5 5 B el bl o
b, T S HE RO 42 T R A G 5 B T S Ak T A s i 1 44 TRV 43 A AN A
AW S, AR LT AL R0E 5 K7 BCC IR BUEERFEE (DL R WibR
“BCCIERE" ) FI R B Fuil-F & Wb R 55,

2.1 ®WREit

2.1.1 BRRE

PSS 2D N AR I

1) “X Bl N7 FI“X 28 N7 e =X 24 T B umaAT 17 ] 2

2) “X P NTFX 28 N7 A s A S e ] 2

2.1.2 BHRFEMHERMR

A FCER} 3 Bk H BCC R IR A B . 1) i8Rk A P A
FHVERHZE | B A T LS S R 70 SR I 5B FH i 5 2) Bk R B it
VAR , 7T 2 1 PR ] P 2R EBORA e 4 4 2 S B SORN 5 R 44 4 o FL A
PRI, AT IR E AT 7

ABFFELAX Bl N7 A1« X 28 N7 4 2 A 1R L R 7o 42, 6 X533l
PAESG] i A E R KR s AR TR E A Ta v m ] R n” F1“[a v m
r] 28 n” O BARKS 200, A Tk, o 5 PIERHE

2.1.3 BRFE

F A IEBL /AT ( Collostructional Analysis, CA) & — Mt T4t 5
MRS TR TT 1, e DATBRHEE H IR 5 S LR, 15 5 2 S5
AT TR RS P o, B T AN ARO0R 2 T 2 17 5 5 Ay =X, 5 1) 0 ) g 25 P e
FEWE AL 5¢ 2, ORI Z2 W E A 17 5 bb AN TRl 3l A 2 AT A 57 ] ( Gries
2017 505;5K 758 2021) AT AR EAFELLT =25, 1) LB 4r
12 ( Collexeme analysis ) 52) 2 Tl % 5 I B 13 {3773 A7 7 ( Multiple distinctive

© 7 BCC iR R R AP  a RETE AW, v &SI, m AEREEE, » R,
n R&# 1,
15
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collexeme analysis) ;3) . A0 B9 LB 1 A7 53 A1 75 ( Covarying collexeme
analysis) o Hi T HFFT H I, AR R SL B 0 A i, WERHEE R R 5
PR, BEX P N7 FI“X 28 N7 AL NGl Sz S a8 il s, A
ISR E AT A4 R RO M A

2.1.4 BIRWE RIS B E ST

AT ISR AT, e bl [av m e ] Fin " F1“[a v m r] 2 n” 2l
DRI, AE BCC HERHER TR 22, 1k A T e Sl B Ao 80t ( an L b
XIS PR RIS T (A — 2R X R IRT ) 1
B G RE  “X B NGB RS R 16 565 4, “X 28 N7 #5L
ERIATSUESE A 4 841 A, RIIL, MIIUEL B, “ X R0 N7 4 0B B2 5 2
2T X N TEE] 25 R B EE Zovt i TR A AT S, FRATTZE
R I e = T 20 A 24 T8 B R RN 70 G (2« X R N7 A 5B )
12053 />, “X 28 N7 #g iR 2 928 /) , VHAE R 1H 5 - 51217 Coll.
analysis 3. 5 et ATAR 77, A DA 1 B0 R T4 B Bl s i o pr . B AP 3R
QIR 1) EAeR B XM N A X 28 N7 A s Crb AT 11T 20 Fr] TR 52 X
Bl (LA (Al S X B N (RS RO B T IR 1) 52) AR
FIFAF 8O SN R 6 SR 7 T 9k 5 R A 45 ( Fisher Exact Test) 53) fxfo
VeI 317 ( Collexeme analysis ) W5 HH 42 3 701554 2010 5 P o 2 4
(coll. strength) o FLAR TSR AL o HE #4036 22,

F1 FA“EI” 5HRX F N"EERENE N XRS5 T

i) - ja) R B2it

“X A NT A 1482 15083 16 565
A X P NT R 1 145 461 28 521 401 29 666 862
JSSas 1146 943 28 536 484 29 683 427

O JFETET HIUIEHEATERT 20 AAMY A TR B R BT 10, AR B %
THNME

@ ARPEG I FRORE, MRS E (coll. strength) KT 1..301 03 I, [ % 1]
N5 R B O IR FA L 5 (A, BT S DG 25 B OB 0 inf B, 36
TR ICPR 5 I, (Gries 2017)
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F2 X /2 NHKXBIEEEEBEACIIET 20 HZ1F

X#N X %N

words col. sth words col.sth | words col. sth words col. sth
S Inf BT 183.22 b Inf BN 126.32
IF] B Inf SR 171.85 ES Inf ifF39 115.74

A Inf ek 162.74 ] R Inf HE 108. 53
F Inf S5 147.53 Ve Tnf iy 96. 63
A Inf b 136. 85 5o Inf ESP¢ 94. 86
JARTA Inf B0 115.32 X 209. 54 IR 87.89
A Tnf k% 91.83 L) 184.74 Bigs 78. 12
WAk Inf &b 85.22 a5 179. 51 R 66. 74
FE Inf XA 81.41 LY 163.39 ESis 53.85
SR 189. 32 Th 69.52 Tl 148. 77 M4 45.93

2.1.5 FHIFEHERS
22 TR, <R A I FECX Rl N7 FICX 26 N7 R T S B A T
FOAAAE R X ABAE I Z X UL B AT1#5 5 A48 il 1 3 SCRFAE R R
AT R R a0
3 a BRERFRZENFHBLBERRE T, X th —
b, EXEBERF , EHFRTREA, L2 F A B TR HR,
(4) a. EANBIAFEZNHBTHEENREMES, HBFER=ZT S

EE,
b MAHEARSHREK LS, AR BEL, BRER S MR
KR,

FILAEH, X AN 59X 26 N7HEG(3) (B1(4) s &4 1 3 A A
[ XA AE—RE ORI —FhURBR” 5 — 280k ARLL , 15 b A P RO 5
e ESEZ A AW 5 R RO 5 U i Ve lE T i — N IR
Julg, Bk 2 SRR ) — M (SEIE D) s =+ 2R R 5 X 2K

HEFIR https://www. cnki. net 17
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AU IS AR B R R TR VO, IR AR B R
JET R ES Vo, RIS 2R LR BT B I P AL 2R, AR,
BI(3) I (4) g Al A 287 — BRI A H 4, ji & TS & (R e
— B ANBE R, BT DA X Rk X RhE L (I AN RE L T —
FIRE " =+ ZRIEE" . TP HRI SRR B —E BN,
AP Rrh A S L IS B AT 04, K e T TROME S 2 R SR &
SR 1,0

B1 “X#NFXENMIPSXEZRANNBEXRS ]

PRI T AT, “X M N A o St b AR g e 4 i 2 4 X
&N AU PR S 2 B R A B LN S B T 2T RN, X
WMRE T O E 2 AT Be A T ] 28 RO O Rl P < o AL T A 28450 ] 3]
R RTEOUAIANRE T 28 B R TR O A i SC— B I R,
R IB RN SUIMES B I B2 X R N MRS B T PR A 2 ik
FE/D g DN B, GRadE N Z A R RO B 2, i SOk e rHi X b
N BRI 2T X 28 N IREIR 45 SRABEDUE T aX—HFiE

2.2 WRZit

TG B e — AP GORIX 1 22 e G RCEELAE JT . J PN 8 4% 1

O ZG U EERA RGN PRI TE S SCEO | T2 = 7R AR Bk RE Al 10
JHEEABA 2257 s RTTHEP #4379 X M N7 A 20 v IR £ 37, /N T RS N A4 3 “ X 2R N7
P AR ORI 4 ) 5 SR AT AR XM N7 s DG &4 1) 2 4 X 26 N7 oI v O 44
TSR IR , BEARTT MR X 28 N7 Fs SCHC A i 2 1 XORh N7 HOAR R e B 44 10
MR A

HEFIR https://www. cnki. net 18
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FERFIH A AR, R B AT — B2 RN, VelG i« ph e 27
T SR X — IR AIE . P R AR, 2T B H (B B —
SER AR 22 5, 1X 08 22 7 2 BT 20 R Ve a1 S22 A
]« b B Y P A D AR IR — 1, SO e 55 LA Y ) 2 e 5 < 287 U
F BRI R — 1 AT S A s 2= e, A, < R B
M SIEFEZ Fon FABES IO R, JolE At B, I 287 M E S
WX Fon MBS IO RIERS, JuRE AR TN, BRI, Bk 1&, M7
R YRR, B Rt

i, AT AR H < X Bl N7 R X288 N Ji 2R A =X S B
N OXR N 2 53 E RS RTENGRERC , 32 BRI A R AR AT
WEER, AT HABEmE s “ X 28 N7 2 53 UM iyEms i, 325k
IS AT MR IE SR M YOG B 7, s YE G N BRI R — 1. T TRAE JE X
XA RIS I ltin M B R R Tt — 2P B4

= B R K U S F I8 M XA by H AR E T B R

PEHSL T IR DGE R X Bl N7 A1 X 28 N #0038 TuWs 5 A e, 3
TIENPIEALE AT 27 B2 NEAA T RGN IEHR B B2k
T2 RRRBEAE R BT . B FINOE I A A, TR T
T TR SR R S0 (2 R & sl KB SR, ZiEE i
2R MARCEINRE . (Aikhenvald 2000 353) JET45 & B A RIALH] , il YR 4l
(R S0 SCE TR B AR, A 0 28 ROPR e SRR W S, Ak T TP R
EE R AR (R T2 Bk ) | 28 5 b #5 A Y 1 22 TR0 JE W (A s
1) ,ﬁ*%%ﬂ*ﬁ@%ilﬂ T4 2L Traugott & Trousdale 2013; BN
2022) .

AR I T AOERLE (AL R B R 5 220500 CCL R} A
FIBZ ROGETERE) , O IR A, B2 e THE i ARBGE =X
TER BRI , 50 H AT TS NS R R MU, AL 20 e 32 2095 B A T

O T ARG DI S RO AT MR DR T e ] 7
T SETTE MUK LR RN 7 RISty SR RS AT

19



116
BEEHRENNE=TLH)

Al . DhRePEREE (i SORIE T FNES AL P2 (VAR 0L ) o (Traugott &
Trousdale 2013 ; X JH,#/H 2016) AbF 57 3= B 5+ 1l O DO AR 4 %, 6
RSP B

3.1 SEHERMXKBHEER, “F”

MNFIE A 5F (AATEE 2008) TA R« P Al “ Fi” , Ak 2]
MU, anCRALY DA AR L R D 2 R A, IR R (I
2012) W Fm Fl”  ASCHE« BRI R, Ja 51 O &« e 4
(ALY “ AEAIAR 2 B, Tk 2 1 57 55 i AUR IR A A o ARbIT 5 Bt
) F e, — R ISR s, b fHesh 1w A0 44 T8 A HH IR )+ 53 AR, FLAE
FHBURAR M s R B &, SSRFIAT AR, i & B2 Ja & 7 AL i i
BCSZ R M R A DO AT R LR AN B g I
s R,

3.1.1 ER“M” MK

SV b M RS T A (— ) — & (AR ) — &
(BhiR) —&n” A Bt .

(5) AAEAfE R R K. X b, (AEAAL))

(6) MMM EEEM EEEE, (ERGFE))

(7) SR BEFRE, TR RAE,AREFHF! (RE(ERE))

(8) EEH¥A, THMF? (BR(EIIR))

(9) RAMASALRER, A TEZHEHE, (RRX(RH))

(10) RBREXETHA, THHE FELb, (RX(AHE))

FE by 5, O Rh R BTIE 40 BRIz AR i (19 ) dne
B S R AR A A SR AR A < Rh SR AR
Wy FS o (Rh1) — Bk (W) IO R AE SRR, TR A I W [+ 75K ]
WEEHRFIE, TRk, R MRz 45 AW Rh-1-7 (3% 15 Bi)) | an* R A~ ek
o BT AR, R R R (3t 16 ) IR AR I, ane AT R
A O HIEK TR P R 2 SR X — i SRR OB, Bl
TR R 2RI, Ao “ ARFemG St St &7, T 2 R 4

O AW RA T T g Bl e 2 B A DGE S W 2 o DOE— e T
W AR PGE—RE RS A R T DGR — R E HPUiSshT, (£ 77 1989 35)
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(3£ 58 3y, ane ST 45, il B [ + Uk THE S A St b il e
g Bl A I BRI

3.1.2 EiF“F e =UiEH

B DG SR R SIS B G T — RSN, SR E R
H < AR Bl R P L — I G SR AT A A

() Y EE-_+anwe, At T, FEMHE, WREH, (EX

(b))
(12) =47, /B \BENFTCE? (RRHBRAF))
(13) MK EF AR ATHL, LA mRFRALEA, (RR(K
FE))

(14) FKERET F, HETR B/ EH, (RX(AFE))

QAT TR S PP A 2 W) B T AN R MR Y R AR
P2 AR (S5 45 ) ne R S IF BT SO X — I 3R IR
. R AR SR SRS (3 17 B1) B2 0T S i s and b
FEREY CR-48) 55 A AR S FR A B, X sl v PR O SR 0 — PR
RS R R, SRR E , A G R 10 2 B LK
o, ARt A T T B A 51, 3 ) 22 i 5 Atk IR B 7 p R L T
G A SRR MR, A R R R TR . (XS0
2012 421-425) B L i« pp E’Jmlﬂ%’fiﬂi%ﬁb} W+ 45
F4 2k A, FLEC 38 5 B0 K, a0 T« 37 S MO FIPLE L&, & 1

“Fh WAEM2 S BIAEE Y 2 Bk g, ﬁﬂJ&H%z$%Eﬁ%@aiﬂ% P
W B LA [+ TR 2 B i R SXI . 4T E K& e 4y
N 3 s

F3 LHEREIRH 0 AIREE L

SEERE S BIARER EYMERRHE
AP (58) i % (K] [ +AEiums ey ]
ARLEPZ (45) [EIEE [+IEK ] [ +RETEmE S 7 ]
(1) K (IR ] [+ s S5 ]

e R RS P RIS A A, WCPE A P B 0
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e Al DGERI B

(15) URATH, =2 5x MAmpEr 2R, (BT @A T))

(16) FHEKEZMEH, ZHEER B a0, ((2/FF))

(17) mAREEZLF, BAKDRI L, (AR(FEEX))

U DGE A

(18) E A, JUAI , B AN AR, (R(IHFE))

(19) FMT+RARAH  RAEELZAERE, (T(HEREIL))

(20) =X L FFEH, EHEE, AT (ACKEE))

(21) RE|E#HAA, BHTHEG , ARERAT . (F(LBE))

A b B PR T RO 2R R R IR RS, B
G R A PR T SR BUEE T 4R AR SOR Hp IR HR IR, FEAS ]
AT G R s S SR 57 o SX BEBA 3] e i 7 A X —
SR, B U I, ER R I R B R AR, TP
b ARTAVARESE A 2+ B+ 447 S5 AR D 1 I 5 B, 4 o B
TR WIORARTE R, [R]IN 3600 F0 A eI X 0 o 443 eis K £
BTN 4 R

R4 HEGEML S SUE R ER T B ERERER

SEREE B A AR EYME AT
FLRJE(153) Tepy ek (IR [+ B iiE Sy ]
HRIE(84) B (IR ] [+ sty ]

Zi b, <R AR A AR LT B R, d A A () Rk,
IR b, e Bl iy I = AR DL B+ 7 R g A D 3
BB R, ane i T 77 A X O e AR TR SR A T
AFIVEWE IR 22 575 AE S I L, B R AR T 2200 (Fh1-) iy [ +3505k T4
& AR —HEONE , Lo e R et S & AR
AR —ARE W e B AR R Y — IS i i s, AR 287
(WJESC)  HR ] A PR, R A R 5 b (2 Ve 5 O 2 1 ]
e AENTIATLA L, 2 v ARG e 205 L B 3 O 48 T8 BB BOAHR T PR
JH, A R ] R A BB A LIS [ + 77K IR &0 B s iy, 3
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AR A2 a0l 2 s @

B2 gia“# A Mgz

3.2 eBsERMXILMHEE, “%”

WFIR A, 2 LT i, i S0 e AR DL, v
KRB IR B RSO “ R &”, anda) 1) “ S ERS, W
FMNIFHE” . SRRSO A ) R IR R« 287 5, ]
“R7 RBUR AR TR ORI, AR ML AN B 28 R A AL
R evi/ N

3.2.1 Eif“E" I K

MNFIERA, FII R F a5 [ +7ulE ] [+ ] X PR &R il H
TEIE R R T ET £ T At —shii— il A .

Z T .

(22) RERFFE, KFHEET, MNENL LD, (B(HE - %))

(23) THHHLEE.” (FREE(EE))

(24) HAE,EABMNALZ ATEEM, (FX(AIIE))

@ JTHERTRIA T KARAT Oy 5 BB N Do i SCIE P s R I P Oy 424 1l B8 G Y 5 A1
IR R B SY s AR LRAREAR T BT
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s nﬁj‘bﬁﬂj( %= +£$ﬁ)

Bl 540

(25) HEFA, LREL, (ARRE(HEZE))

(26) A AR THRET,TEE RS KR K4, (RXCEXFH))

(27) AWE NG HEkE BRI HELE, (FEAGLE))

e A .

(28) HhEH — KB+ F4 AEZ5HEL, (B(RELT))

(29) mEHMR+ X4 T2, KEEE, (BE(EBETE))

B U, e 2T REROR MM SIS (L 12 f) Bl
W5 AN AU 5 FE R AT AR < JE 00, B0 (2 9 i) 15 3, e
(R e 45 | X — AR i o B 15 S < AR LE I e 5 FR i [ +AE L]
RES S AN, A AR B2 1 & SR N A 2 X — A B I 2 —
EATFWR M SR/ R AP R AN, BREFARICR T
RTINS, PR R AE B A AN 2 —, (T
1994) F Rk I, < 287 10 8l 1 1Y F%%f)b FEER ML, 57 (325
By e ARSI 45, 1o F i (BEAR— 53 ) HITO G B AR 2 B 4570 G N
/\TZTKIEﬂH’J?é%%ﬁ%%%ﬁ*%@iﬂ’]f%ﬁ\%ﬂﬁL?E'Jo

257 BB A H B 1A T, R e B st R S
(F3141) , B L, B —++27 i g H I, Qi At
P A« — 2B 7 It #l, X M 3R SOt < 287 B R Y 5 40— 1
VRFE . AERSIC L i« 287 P AR RIS O 52 2208 A (3% 26 f3) Bk 5 AAH
SR (5 ) S I S A A OA R ARRAE . R B g G B
TEIEYD” IS, B AT L2 B B &, B AN R Y M S s
AL, (FF 2007 10) iX—IAHRE S AMAELE TEATELEZ 1, im 50
HESE,

ARSI, w1« 287 (A AR Bl 1 « 287 1 ok, i M 441 < 2
etk . Bo— 7 &« 287 FF A T, o S aia AT 55—
T, MONHNEEEE FoR T, & 5 il Jo e 70 15 5 2 v S NN AR B %
VT, B BRI [ AL [+ G TR e A S pde b i 25 91 i
SRR 2R AR E BT R,

3.2.2 EW“E"HHAIEL

FEFR T SOE R S« 28 R s AT AL, SR I DL $ A
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YOG M L -

(30) i — KA, EEKTZ Nk, (E(HEELX))

(31) A EF oA, @ HHAKRATE, (AR(EERTF))

(32) XE:“HOEE, WERKREHHO, X RAS? HH LA, FAT

2P (ER(EER))

B AR Z T A (3R 69 1), 2 7 A, B BN ST 46
TRFHEINZHE , RIS B Ay (3% 32 6, BRI S (319
B B, JLF- e A, A2 NIATL b, il B RN 52 7 i [+ 41
A [ +7E05 ] A& FLAN S8, (ERSRCTElE AT IRz 4, AL,
AR B R O o 2 . H ARG KSR T A dn k5
IR :
x5 PHUERER"EK"HNZRELERE

SERE 25 B SR EYME AT
A(69) UNSER [+HAREL] [+ A ]
B (32) FHE B5F [HRAEL] [+ BAR s g1y ]
g E)(19) o AEF [HRIEL] [+ s g1y ]

PR A DB B« 28 S R e s G R Ak, (B B L B
ABUER Y T —E R

(33) HE, A—XA WL RE, FTEH 058 E, (R(ETLT))

(34) H=—EAFKIF , FMTFEHR, AL 2N, (T(ERIL))

(35) Z @y, hat k. FER-EMY, XRFR! (A(HE

L))
(36) MACEERTHFEMRT, Hinlh XE FHAF, (F(EH
AIIE))

B CAE R, B 2R R ECTERE R B BOCH] RS R
RGRE 5 R G R B S AR 57 o (B B U IE X L, B LA
R a2 SEARBGE W, AN, FERGRER b, LA —
i 2 W, HA BB D HV L, i e e H L B0 S = AR UL B R ALE , 55 5
— g R R FOThEEAT A2 EAME . H A2 MR S A dn ke 6 Fron
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BEEHREN(E=T1E)

F6 EHINEREIREK”HAIRBE LI

SEREZ S BB IFAE R EYME AT

A(165) YNV & [+HAREL [+ A% ]
B (86) oy 255 [+HAAMEL] [+ B AR es g 1 ]
HEFM)(37) ORI [HRAEL] [+ R st 1 ]

Zi b R RO A1 28 R TR P BT I, AP
e R R A R AR AT I, (LA DA B
+27 A 2 H e B+ S R A RO B X S Y B
PG —PERRFE; FE TR SR b, B SR T 449 K7 PP [ +9806 ] [ +4H
RS, BB —BEOMsE ., IR 9, HEROUA N B2 X B S A
FENHIMRNEAT O, BEJR, FEBCR R ARI & AN R BN G SR
P, B 7Y, EAEACHT I T R RV P EA S R 7 s A A
HWLHIE, B e A OB B B T 22, e ) HA 5

TN BOAE T L EH], HA AR A2 a0 3 iR .
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9. ANLE BT

A YR ] R AN 28 A AR ORI TR A2 B 58, AR SCR N
N RBMER

1) PUEIT X EE iﬂﬁ’ﬁ’]f?‘ﬁﬂ&ﬁﬁ%ﬁ’]ﬁ ISRENIEEge s
TR B B < S8 B 2, AEIRARDLE EP XﬁFN X 2%
N” Tﬁﬁﬁﬁ%ﬂ%ﬁﬂmﬁﬁ AT A BT 2 53R ARSI TE G R,
F BRI B AR I TEnG S &, ADCRI T HAbYEmE ; 5 5 0 2 555k
AR TERE R , SR 2 s B AT A EVRHIE S e S &, (H S T
WEIN B e, AR ARDGERAR b da g« B F e 287 By & T i i ok,
FORFVENE B SR A, HATE BT B DOE, B Ut e
F R HIRCK ISR, 25 RS TERE R, BB B0 S —
Rl T 7 S M E AR eI AR 5 2 B2 A T H%EHT
AREINE /l\*ﬁﬁf%lﬁﬁi%l_lé%[+1‘HMH‘E}/\@% HE T —+E+87 4
N EEEmE N AR g —VE, T, <R A 26 H’]ilﬂﬁﬂ/ﬁ%ﬁfbﬁﬁﬂm
HEESIER, I — B HEIARDGE,

2) PUET SIEWE E A A AT, &1 M A 287 Xy
JERTAHIALA E 200 M B Andengr . Horh, #2125 A TP B Be, e i
FSAEME W, g dE T AR4R” SC AR ANR] 44 1] | 1 sl b i [R] g 3l PR
B HIBDHE , BB . 10 7E U & 1A s e B, Bl U 5 — i 6
Za R AR, DT AL BN RS BN R IR A R S, X — R AR
F2 T il Goldberg(2006) it Hi U HUR £ 5 A (inheritance link) fi-Ff A
i ( metaphorical extension link ) | %)‘(Eﬁ(polysemy link ) | 9l 7= 2K 2
(instance link ) M JE50 a0 1% 8% (subpart link) [URF7E 4516, IR0 THHIDCER IS,
[ HH S A R €

3) PUHEUE S s 1 AL PR A A AN AR E . 3 < M A

2" BRI TuE BB L S A (E X AETE G R S i — Ve M X P

RFIE P AFAEAN RO, DR /NS, %A R, 2 B0 S et 31 s 12 1) o

B HEMEGTIEIF ), SO DGE 5 RO AR 1R 5 A RS 40 A0 A RTRFIE

PROAME AT 577 ORI F ), B —J5 1 A R SRR i &
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PRAISNER I B LRI, AR ok e 1 AR AR I R 07 2 S — T A
AT A S ol 354 M AR DR IO FEACHE & Hh A, 7 38 MBS Ly -4 B
FHESEABERINAL, (R 2021) X—INHHE AT T IOER
JRA) RO, o SR AE DG A TR 52, S A, Ve e i 4 1
BRCHY AR B FEATEE— 8 A RIS I R TR IEE” M
“ BARYENE— TR ENE” AL , Sk EEE A A AR IRFLE

A% 15

WRHEE R AT 518 5 EIE BN A 2 W S e e 6l
WGBS BRI 2 i, ASCEE TR E , RELR Ge vk o3 i 75 A
TN EE S IR S R R PR 1 YW SO ) M Fl 287 AE BRI
T RIS B 53 A 7 5, 08 I £ v ARG R A AL B i 17
P52, LB T A TEA 15 TR A IASIHLH BOARIRS 40 1L | (A VE S5 45 10k,
Nt Az DO €, R DOE R B R AT R T A &R,

S 2% 30k

PRIAE (2013) BURF JEAM- T RARR 101G & 400 AR
J&g , O AR 224R0) 68 4 100 113-121,

T3 5Ear (1994) AR TR 2 AL, (R AT S R BT S A B ) 26 4 .
1-6,
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been treated as equivalent to gapping in English. However, through a contras-
tive study of these two related structures, we have demonstrated that the Chi-
nese verb-ellipsis structure only exhibits a superficial similarity to its English
counterpart, which is derived from VP coordination. Instead, the Chinese
structure is formed based on two parallel but separate sentences.
We propose that these differences can be attributed to prosody: the Constraint
on Sentential Intonation in Chinese prohibits the appearance of a coordinate
[ VP & VP ] structure, leading to the use of two parallel but separate sentences
in contexts where VP coordination would otherwise occur. In such cases, the
verb in the second sentence is deleted at the PF level under identity. As a re-
sult, the verb-ellipsis structures formed in this way possess their own inter-sen-
tentialproperties.
Key words: gapping; coordinate structure; PF deletion; the Constraint on
Sentential Intonation
Cause or Manner: On the Use of Zenme before Modal Verbs ---------------
..................................................................... Xiu Junjun (94)
Abstract: The interrogative pronoun zenme preceding a modal verb can have
two interpretations: one that asks about cause ( “why” ) and another that asks
about manner ( “how” ). However, the apparent co-occurrence of zenme with
modals—especially in the presence of cai—is an illusion. Instead, zenme is
followed by an implicit verb, which is semantically present but not formally ex-
pressed. This underlying verb forms a conditional structure with zenme, leading
to a manner interpretation. The existence of this implicit verb explains why Ze-
nme before a modal verb is best understood as asking about how rather
than why.
Key words: Zenme; modal; manner; cause
A Study on Collocation and Constructionalization of Chinese Synonymous
Category Classifiers Zhong ( ﬂ:) and Lei ( ;fé) ....................................
........................... Wang Jinhai, Sun Yajuan & Qin Xiugui (109)
Abstract: Based on corpus data and the R language platform, this study exam-

ines the Chinese category classifiers zhong (') and lei (2%) to explore the
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cognitive characteristics of intricate categorization reflected in their construc-
tions from both synchronic and diachronic perspectives. Using qualitative and
quantitative methods, the study yields the following findings; 1) The construc-
tion X zhong N is primarily associated with higher-level conceptual categories,
typically denoting an entire category of members that share similar characteris-
tics, thereby distinguishing it from other categories. In contrast, X let N tends
to align with lower-level conceptual categories, emphasizing the internal unity
of the category. 2) Metaphor and metonymy serve as the primary cognitive
mechanisms in the formation of these constructions. However, while metonymy
plays a dominant role in their initial formation, metaphor takes precedence in
their evolution. This distinction deepens Goldberg’s previous research on con-
structional inheritance and highlights key characteristics of Chinese classifier
constructions. 3) The usage patterns of X zhong N and X lei N exhibit broad
similarities but diverge in finer details, each with its own emphasis. The over-
all evolution of their collocational categories follows a trajectory from “basic
category — extended concrete category — extended abstract category” and
“immediate category — distant category” , reflecting the cognitive processes
and embodiment in the construction of Chinese category classifiers.
Key words: category classifier; collocation; constructionnalization
The Types, Image Schemata and Historical Evolution of Progressive Sen-
tences in Directional Perspective — -----ccooeeeeieiiiiiiins Yang Gang (126)
Abstract : This paper proposes a new classification system for Chinese progres-
sive complex sentences, categorizing them into forward progressive sentences,
backward progressive sentences, bidirectional progressive sentences, and in-
ward progressive sentences. These sentence types exhibit distinct characteris-
tics across multiple dimensions. At the cognitive level, they also display clear
differences, each corresponding to a unique image schema that represents dif-
ferent cognitive structures and modes of information processing. The image
schemas for bidirectional, forward, inward, and backward progressive sen-
tences are represented as “A ' B”, “A—C”, “A{® D", and “E<«A" re-

spectively. The order of their emergence follows the pattern: bidirectional pro-
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A Study of Construction Collocation and Constructionalization of Chinese

Abstract:

Key words:

Synonymous Organization Classifiers
Based on corpus and the R language platform, from the perspectives
of construction, this paper first studies the categorization of the
organizational construction “X jia/hu N”in modern Chinese and then
explores their origin path and cognitive motivation in ancient Chinese,
which expands the research perspective of Chinese classifiers, deepens the
understanding of the characteristics of Chinese classifiers. The findings
are as follows: (1) “X jia N” mainly matches nouns of “the organization
of industry”, occasionally matches “the organization of family or
residence”; the structure of “X Au N” matches “the organization of family
under administration”, occasionally expresses “the organization industry
or residence under administration”. (2) Metaphor and metonymy are the
main cognitive mechanisms of these construction, but metonymy plays
a leading role in the formation of these constructions, while metaphor
plays a leading role in the evolution of these constructions. (3) In addition
to metaphorical extention link, polysemy link, instance link and subpart
link, which was previously proposed by Goldberg, metonymical extention
link also exists in the inheritance link of Chinese classifiers, reflecting
significant refined cognitive characteristics and social cognitive attributes.
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organizational classifiers; collocation; “jia”; “hu”; constructionalization
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OPEN |ntelligent text analysis for
effective evaluation of english
Language teaching based on deep
learning

With the growing demand for English language teaching, the efficient and accurate evaluation

of students’ writing ability has become a key focus in English education. This study introduces a
Hybrid Feature-based Cross-Prompt Automated Essay Scoring (HFC-AES) model that leverages deep
learning for intelligent text analysis. Building on traditional deep neural networks (DNNs), the model
incorporates text structure features and attention mechanisms, while adversarial training is employed
to optimize feature extraction and enhance cross-prompt adaptability. In the topic-independent
stage, statistical methods and DNNs extract shared features for preliminary scoring. In the topic-
specific stage, topic information is integrated into a hierarchical neural network to improve semantic
understanding and topic alignment. Compared with existing Transformer-based scoring models,
HFC-AES demonstrates superior robustness and semantic modeling capabilities. Experimental results
show that HFC-AES achieves strong cross-prompt scoring performance, with an average Quadratic
Weighted Kappa (QWK) of 0.856, outperforming mainstream models. Ablation studies further
highlight the critical role of text structure features and attention mechanisms, particularly in improving
argumentative writing assessment. Overall, HFC-AES offers effective technical support for automated
essay grading, contributing to more reliable and efficient evaluation in English language teaching.

Keywords Automatic grading of english composition, Deep learning, Mixed features, Cross-topic scoring,
Text analysis

With the acceleration of globalization and informatization, English education has attracted increasing
worldwide attention. In English language teaching, writing serves as a critical indicator of comprehensive
language ability, reflecting students” linguistic proficiency and cognitive skills'~>. Particularly in large-scale
examinations, online education platforms, and international curricula, English writing proficiency has become
a key metric for evaluating overall language competence. However, current writing instruction and assessment
still rely heavily on manual grading by teachers—a process that is labor-intensive, time-consuming, and often
influenced by subjective standards and inter-rater variability, making it difficult to ensure consistent and fair
essay evaluation™. This issue is especially pronounced in large-scale testing scenarios, where scalable and
reliable automated scoring systems are urgently needed as a replacement or complement to manual grading.
Automated Essay Scoring (AES) technology has emerged as a promising solution to this challenge.

Early AES models largely depended on shallow linguistic features such as word frequency, sentence length,
and spelling or grammar errors, combined with traditional machine learning methods. While these models
demonstrated some effectiveness in specific tasks, their performance proved unstable when applied to essays
prompted by different topics”®. Changes in writing prompts, styles, or linguistic backgrounds often led to poor
generalization and significant scoring bias, largely due to the models’ overreliance on topic-specific features in
training data®!?. This phenomenon, known as the “cross-prompt scoring challenge,” remains one of the major
obstacles in AES research. Addressing this challenge requires models that can capture general linguistic features
while accurately assessing semantic alignment between essays and prompts across diverse topics, thereby
improving scoring fairness and credibility.

Advancements in intelligent text analysis, particularly deep learning (DL)-based methods, enable automatic
extraction of richer linguistic features from large-scale essay data. By capturing deep semantic representations
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and structural patterns, DL provides a more accurate foundation for essay evaluation!!2. Building on these
advances, this study proposes a Hybrid Feature-based Cross-Prompt Automated Essay Scoring (HFC-AES)
model designed to enhance scoring accuracy and consistency in multi-topic and multi-prompt scenarios.
The model integrates shallow statistical features with semantic features extracted through DL. In the topic-
independent stage, shared features are derived to provide stable preliminary assessments, while in the topic-
specific stage, a hierarchical neural network and cross-attention mechanism are incorporated to model semantic
relationships between essays and prompts more precisely. Leveraging text structure features and attention
mechanisms, the proposed approach enhances robustness and adaptability in diverse prompting conditions.
Ultimately, HFC-AES offers an intelligent scoring tool that supports English language teaching and facilitates the
practical application of automated scoring technology in educational evaluation.

Literature review

Over the years, the rapid development of natural language processing (NLP) has significantly advanced the field
of AES. Existing research can be broadly categorized into three areas: AES models based on traditional feature
engineering, AES methods utilizing DL, and AES models designed for cross-prompt and multilingual contexts.

(1) AES models based on traditional feature engineering.

Most early AES systems relied on manually designed shallow linguistic features, such as lexical density and
syntactic structure, for scoring and modeling. Susanti et al. (2023) conducted a comprehensive literature review
of AES systems, analyzing the use of various methods and datasets to provide methodological and dataset
references for future research'®. Li and Huang (2022) explored the influence of composition, organization, and
overall quality on the evaluation of English as a foreign language writing in Chinese higher education. Through
interviews with teachers and raters and a quantitative analysis of large-scale evaluation data, they identified clear
differences in scoring focus. High-quality compositions were evaluated across multiple dimensions. In contrast,
low-quality compositions were assessed mainly for language accuracy and content'*. These findings highlighted
the limitations of traditional AES models in constructing comprehensive scoring dimensions and underscored
the need to reconsider feature selection for fairness and completeness. Although feature-engineered methods
offer interpretability and computational efficiency, they struggle to capture deeper semantic relationships and
contextual information. Consequently, their generalization ability is limited, and they fall short in assessing
semantic alignment and overall discourse coherence, particularly for complex, variable-prompt writing tasks.

(2) AES methods utilizing deep learning.

The emergence of neural network models has led many researchers to explore DL-based approaches for
automatically learning semantic and structural features in student compositions. Lim et al. (2023) developed and
validated a neural network-based automated assessment system tailored for Korean second-language writing. By
combining NLP techniques with pre-trained neural language models, the system improved scoring performance
through analyses of linguistic features such as grammatical complexity, quantitative complexity, and fluency'®. This
work demonstrated the value of applying neural methods to non-English AES tasks, extending the applicability
of DL in multilingual contexts. Beyond NLP advances, intelligent text analysis has introduced new approaches for
AES. Bai and Stede (2023) reviewed recent applications of machine learning in automated evaluation of student
free-text responses, including both short answers and full essays, highlighting the predominant use of feature-
based and neural network architectures'®. Compared with traditional methods, DL-based approaches excel at
automatically learning complex features and modeling contextual semantic relationships and textual coherence.
However, existing DL models still face notable limitations: poor transferability across prompts, vulnerability to
topic bias in training data, limited interpretability due to “black box” architectures, and insufficient handling of
discourse-level structures, as most focus primarily on syntactic or lexical features rather than modeling macro-
level semantic organization.

(3) AES models in cross-topic and multilingual contexts.

To address the challenges posed by diverse essay prompts and the uneven distribution of language resources,
researchers have explored strategies for cross-prompt and multilingual AES systems. Gao et al. (2024) reviewed
the integration of Al and NLP in automated writing evaluation from an educational perspective, emphasizing
the potential of large language models to improve assessment efficiency!’. Hossain and Goyal (2024) trained
pre-trained Transformer models—such as BERT, GPT, Multilingual BERT (mBERT), and Cross-Lingual
Models (XLM-R)—on multilingual corpora covering over 20 languages. These models were fine-tuned for tasks
including text summarization, content generation, and sentiment analysis, demonstrating strong multilingual
semantic modeling and text generation capabilities, especially in coherence and fluency'®. Li (2025) proposed a
novel cross-lingual sentence similarity detection approach that combined the multilingual power of XLM-R with
a stepwise weighted similarity metric integrating cosine similarity and Manhattan distance, along with language-
independent embeddings from BiT-Internet and XLM-R. This method significantly improved semantic
equivalence detection, setting new benchmarks in cross-lingual similarity tasks!®. Although these studies laid
a theoretical foundation for enhancing the generalization of AES systems, current models still struggle with
semantic alignment and discourse-level modeling in essays—complex, highly topic-dependent text. They often
fail to accurately capture semantic correspondence between essay content and prompts.

Building on these insights, this study proposes the HFC-AES model, which integrates shallow statistical
features with deep neural representations. The architecture consists of two stages: a topic-independent stage
that extracts stable shared features for consistent cross-prompt scoring, and a topic-specific stage that employs
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a hierarchical neural network and cross-attention mechanism to precisely align essay content with prompts.
By combining semantic modeling with discourse structure recognition, the model overcomes robustness
limitations of existing AES systems in multi-prompt scenarios. Table 1 compares mainstream AES approaches
with the proposed model in terms of feature representation, semantic alignment, discourse modeling, cross-
prompt adaptability, interpretability, and model-specific enhancements:

As Table 1 illustrates, different AES approaches exhibit distinct strengths and weaknesses across feature
modeling, semantic understanding, transferability, and interpretability. Traditional methods, though highly
interpretable, lack the capacity to model complex semantics and discourse structures, limiting their applicability
to challenging writing tasks. DL-based methods have made significant progress in semantic representation
but often lack generalization beyond specific topics or datasets, resulting in unstable cross-prompt scoring.
Multilingual pre-trained models demonstrate potential in handling cross-lingual semantics but remain
inadequate in modeling essay-specific discourse structures. In contrast, HFC-AES systematically optimizes
semantic alignment, discourse structure modeling, and robustness in cross-prompt scenarios by integrating
shallow linguistic features with deep neural representations. Its cross-attention mechanism enhances the capture
of key correspondences between essay content and prompts, improving both holistic discourse understanding
and scoring reliability. Overall, HFC- AES balances interpretability with advanced semantic modeling, addressing
limitations of existing methods and demonstrating greater generalizability and practical value.

Research model

Model overall architecture design

The HFC-AES model employs a two-stage feature extraction process. In the first stage, DL techniques are used
to extract comprehensive textual features from raw essays, encompassing syntactic structure, lexical usage, and
semantic information. These features are derived through pre-trained word embedding models and syntactic
analysis tools. Moreover, sentence-level discourse structure features are incorporated to capture the internal
logical relations and organizational framework of the composition, thereby enhancing the model’s grasp of
discourse-level structures. In the second stage, a cross-attention mechanism further refines feature processing
by automatically learning the relative importance of various scoring criteria for the overall assessment. This
mechanism effectively emphasizes critical sections of the essay and dynamically allocates feature weights in
accordance with specific task requirements. The overall workflow of the HFC-AES model is illustrated in Fig. 1.

The HFC-AES model employs a dual-channel architecture. One channel is dedicated to extracting and
processing global features, while the other focuses on capturing and enhancing local features. By integrating
information from both channels, the model can generate scoring predictions at multiple granular levels. To
enhance interpretability, a visualization technique is incorporated to display the feature weight distribution for
each scoring criterion, thereby making the model’s decision-making process more transparent and reproducible.
The overall structure of the HFC-AES model, including the topic-independent and topic-related feature
extraction stages, is illustrated in Fig. 2.

In the topic-independent stage, the model extracts shallow text features at both word and sentence levels
and combines these with deep semantic features generated by DL-based text analysis methods. In the topic-
related stage, a Bi-LSTM coupled with an attention mechanism constructs a hierarchical semantic network that
captures semantic information relevant to both the composition and the prompt. By linking the shared layer
with the task-specific layer, this stage effectively models contextual semantic relationships within the essay and
integrates feature correlations across multiple tasks through a cross-attention mechanism. Finally, the scoring
module combines the topic-independent and topic-related feature representations to provide precise scores for
essays on the target topic, enabling comprehensive assessment of both linguistic competence and content quality
in English writing. Multiple neural network architectures are employed in the design of the HFC-AES model to
fully explore the multi-level semantic information of essays. Table 2 summarizes and compares the key neural
network architectures used, detailing their core functions, advantages, and specific roles in this study.

From the comparison presented in Table 2, it is evident that the various neural network architectures
fulfill complementary roles and collaboratively enhance the model’s capability to capture multi-level semantic
information within essays. The following sections provide a detailed introduction to the specific applications
and implementations of these network architectures within both the topic-independent and topic-related feature
extraction stages.

Cross-
Semantic | Discourse | prompt
Method category Feature types lig) t deling | adaptability | Interpretability | Improvements of HFC-AES
Traditional feature engineering Lexical, syntactic, length Weak Weak ‘Weak Strong Limited in modeling complex semantics
Single-prompt DL-based models | Word embeddings, CNN, RNN | Moderate | Basic Weak Weak Lacks cross-prompt robustness
Multilingual pre-trained models Cross»hnguAal semantic Strong Weak Moderate Weak Lack rr}echamsms for essay structure
(e.g., mBERT) representations modeling
HFC-AES Hybrid shallow + deep features | Strong Strong Strong Moderate Introduces }_nerarchlcal modeling and
cross-attention

Table 1. Comparison of different AES methods.
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Model architecture

Core function

Advantage

Application locations in this study

Convolutional Neural

Extract local semantic features of text

It is good at capturing local patterns, with relatively few

Local semantic modeling in shallow and deep

Network (CNN) parameters and strong stability. text feature extraction
Long Short-Term Capture long-distance dependencies and | It solves the traditional RNN gradient vanishing and is | Deep feature extraction strengthens the
Memory (LSTM) global semantic relationships of text suitable for long text sequence processing semantic coherence between sentence sequences

Hierarchical neural
network

Hierarchical modeling of the local and
global structure of text

It preserves text hierarchies and enhances topic-related
semantic understanding

In the topic-related feature extraction stage, the
relationship between the topic and the topic of

the composition is processed.

Attention mechanism

Dynamically adjust the weights of
different features to focus on key semantic
information

It enhances the model’s ability to identify important
information and improves task adaptability

The theme-related stage supports the multi-task
feature fusion of the cross-attention mechanism.

Table 2. Main neural network architectures in the HFC-AES model.
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Fig. 3. Feature Extraction in topic-independent stage.

Topic-independent feature extraction stage

In the topic-independent stage, the primary objective is to extract shared features between the source and target
essay datasets. These features are then employed to build a preliminary scoring model for initial evaluation of the
target essays. The shared features consist of shallow text features and DL features, as illustrated in Fig. 3. Shallow
text features are manually designed using statistical methods and capture fundamental textual information such
as vocabulary usage frequency and sentence structure. In contrast, DL features are automatically learned by
deep neural networks (DNNs), which identify complex patterns and semantic relationships within the text.
The hybrid approach of combining shallow text features with DL features aims to leverage the strengths of
both, enhancing the accuracy and robustness of the scoring model. Shallow features provide intuitive, easily
computable information—such as lexical richness and sentence length—that directly reflect students’ language
proficiency and offer high interpretability. Meanwhile, DL features model text at a deeper level, capturing intricate
grammatical and semantic relationships, including logical sentence connections, discourse structure, and
underlying semantic intentions. These high-level features are critical for assessing essay coherence, organization,
and semantic precision. By employing intelligent text analysis, this extraction approach integrates traditional
lexical and syntactic information with deeper semantic and contextual insights?’. The combination of shallow
and DL features mitigates the potential information loss that may occur if either feature set is used alone, thereby
improving the model’s capacity for comprehensive evaluation of students’ writing skills.

(1) Shallow text feature extraction.

-1
O |
8
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Shallow text features are extracted at the word and sentence levels using statistical methods to capture students’
vocabulary proficiency and sentence structure skills. To improve feature relevance, the Term Frequency-Inverse
Document Frequency (TF-IDF) method measures each word’s importance within an essay by balancing its
frequency against its rarity in the entire corpus. This effectively filters out common but less meaningful words
and highlights key terms, enhancing lexical feature discrimination and scoring accuracy.

At the word level, features include composition length, average word length and its variance, number of
spelling errors, and ratios of prepositions and conjunctions??2. These are extracted with tools like SpellCheck
and NLTK and analyzed alongside vocabulary profiles. Additionally, intelligent text analysis identifies spelling
error types and word usage frequency in context, providing richer semantic insights®.

At the sentence level, features describe structural and coherence aspects, such as sentence count, average
sentence length, grammatical errors, and overall coherence. Sentence count and the sentence-to-word ratio
reflect essay complexity, while average sentence length indicates structural sophistication. Grammatical error
counts serve as an accuracy metric?#%°. Sentence coherence is calculated using the following weighted formula:

p=045x m+ | —21.05 (1)

p is the sentence coherence score; m denotes the average number of characters in a word; [ refers to the average

length of a sentence. To calculate these features, Language, a localized tool, is used to detect grammatical errors
in sentences and calculate the coherence of sentences.

(2) Deep text feature extraction.

Deep text features are extracted using a DNN that vectorizes and models essay text to capture high-level
semantic attributes such as coherence and discourse structure. To better extract these deeper semantic features,
the model combines Convolutional Neural Network (CNN) and Long Short-Term Memory Network (LSTM),
leveraging their complementary strengths. First, essay text is converted into word vectors using the Word2Vec
method. These word vectors are dynamically weighted through intelligent text analysis to automatically identify
key topic words and important expressions. The CNN extracts local features from the word vectors, producing
sentence-level representations. Subsequently, the LSTM captures temporal dependencies and global semantic
information across sentences, generating features related to coherence and text structure. Finally, these DL
features are combined with shallow text features to form the model’s input, which is then fed into the essay
scorer and topic discriminator modules.

To further enhance performance, the feature extraction process employs a joint optimization mechanism
involving the feature generator, essay scorer, and topic discriminator. The feature generator aims to produce
features that benefit the scorer while confusing the topic discriminator. The essay scorer predicts the essay score
accurately, and the topic discriminator attempts to identify the topic source of the features. The loss function for
the feature generator is defined as follows:

Lossg F = Lossg T Q Lossg , ()

Lossg ,, and Lossg , represent the loss function of the composition evaluator and the topic discriminator. c
refers to a hyperparameter to weigh the two objectives. The loss function of the topic discriminator is:

Lossg , = La(0 ¢,0 q) (3)

Lq(6 ¢, 0 a) uses cross entropy loss to measure the interference degree of features generated by feature generator
to topic discriminator. The loss function of the composition scorer is:

Lossg,, = Ly(0 5,0 ) (4)

L, (6 ¢,0 ) utilizes mean square error (MSE) to measure the deviation between the predicted and real scores.
To realize joint optimization, the parameter updating rules are as follows:

0 Ly 0 Lg
eref—u(aef—aagjj (5)
oL
eyeey*/‘agy (6)
y
oL
edeed_“(aaej) @

 is the learning rate. 6 ¢, 6  and 6 q represent the parameters of feature generator, composition scorer, and
topic discriminator, respectively.

Topic-related feature extraction stage

Although grammatical, lexical, and coherence features are extracted during the topic-independent stage, the
composition’s topic information has yet to be fully incorporated. Topic relevance plays a critical role in accurate
scoring, especially in cross-topic tasks where aligning the essay content with the prompt is essential. The topic-
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related feature extraction stage focuses on capturing features closely tied to the prompt from the essay text. By
integrating topic information into the scoring framework via a neural network, the model improves its semantic
understanding and ability to judge topic alignment. Hierarchical neural networks effectively capture multi-level
semantic information, enhancing the model’s overall grasp of essay semantics and better handling the complex
relationship between prompts and compositions. Compared to traditional flat neural networks, hierarchical
architectures preserve the texts structural hierarchy, reducing risks of information loss or misinterpretation.
This strengthens the model’s accuracy and reliability in topic-specific scoring. Text typically contains multiple
semantic levels—from local words to sentences and overall discourse. By modeling these levels, hierarchical
networks simultaneously attend to local and global information, deepening the model’s understanding of topic-
related content. Therefore, this stage employs a hierarchical neural network to extract topic-related information
layer by layer, enabling the model to capture topic elements and their semantic connections within the essay. As
illustrated in Fig. 4, this stage divides the model into shared and task-specific layers. The shared layer extracts
general semantic features, while the task layer focuses on features specific to the particular scoring task.

(1) Shared layer.

The sharing layer extracts general semantic features through word embedding, word-level convolution, and
attention pooling operations, ensuring broad applicability of the feature representations.

The word embedding layer encodes each word in the essay into a high-dimensional vector that captures
its semantic and grammatical properties. This study uses a pre-trained BERT model for word vectorization.
Specifically, let the essay ' = {senty, senta, - - - , sent, }, where n denotes the number of sentences, and each
sentence sent; = {d1,dz, - , dm }, with mmm representing the number of words. After encoding with BERT,
each word vector is represented as follows:

w; = BERTrepresent(di) (8)

where represent denotes the encoding method applied to the word d;. Leveraging BERT’s pre-training capabilities,
the word embedding layer effectively captures contextual semantic dependencies and lexical-level information.

In the word-level convolution layer, a one-dimensional CNN processes the word embeddings to extract
sentence-level semantic features. Subsequently, attention pooling aggregates these features into a comprehensive
sentence representation. Specifically, for each word w; in a sentence, the convolution operation extracts its part-
of-speech feature representation g;:

gi = f(Wy + [wi : Withy—1] + bg) 9

The function f denotes a nonlinear activation function; Wy represents the convolution kernel weight matrix; by
is the bias term; h., refers to the convolution kernel size; and [w; : wi4n,,—1] indicates the set of words within
the current sliding window.

Next, the attention vector a; and attention score v; for each word are computed using the attention mechanism
as follows:

a; = tanh(W, - g; + ba) (10)

Pseudo Target topic
data prompt
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Fig. 4. Neural network structure for topic-related feature extraction.
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eV Yexp(Wy - a;)
> exp(W, - aj)

V; =

(11)

where W, and W, are trainable weight matrices and b, is the bias vector. The sentence representation s is
obtained via the weighted sum of all word features:

SZZUi-gi (12)

where s represents the final sentence-level semantic feature vector.
(2) Tasklayer.

The task layer performs feature modeling using a Bi-LSTM, sentence-level attention mechanism, and an output
layer to complete feature extraction and topic-related scoring.

Sequence information is vital for semantic modeling in compositions. Compared to traditional LSTM,
Bi-LSTM captures contextual information from both past and future states, allowing more comprehensive
modeling of sentence semantics®. For each task j, the Bi-LSTM processes the input sentence representations s;
and outputs h], following these equations:

Input gate calculation:

il =o(al, +rl,_,+b]) (13)
afyt = szs,{ (14)
o1 = Ul (15)
Forget gate calculation:
fj =0 (a?t + r;’t_l + b;) (16)
a?t = W;si (17)
W = U (1)
Candidate unit state:
¢ = tanh(al, +17,_, +b7) (19)
al, =Wls (20)
W“Z,H = Ughifl (1)
Unit state update:
d=ioG+flod, (22)
Output gate:
o{ =0 (af;yt + rf;,t,1 + bf,) (23)
af;yt = Wg s{ (24)
rg,t—l = Uc{h’{—l (25)
Hidden state update:
h] = o] ® tanh (c{) (26)

where s7 represents the input sentence representation of the j-th task at time t. hi refers to the corresponding
output vector. Weight matrices W/, W}, Wi, wi, U, U ; UZ, U} and offset vectors b, b}, b2 and b?, are all
model parameters, and o is the activation function. © represents element-level multiplication.

To strengthen task relevance, a sentence-level attention mechanism assigns weights to sentence features for
each task j. The attention vector g; and weight a] are computed as:

q] = tanh(WJhi + b)) (27)
The attention weight is calculated as:
64
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ol — exp(Wi - ¢})
CY kexp(WE - q))

The weighted sentence summary o’ is:

=) ik (29)

where W7 and W/ are training matrix parameters; b} denotes the bias vector. ¢! and a] represent attention
vector and attention weight respectively; o’ is the final sentence feature representation vector of the current task

The model further incorporates a cross-task attention mechanism to exploit semantic correlations across
tasks in multi-task learning. The attention score u} for the i-th feature in task j with respect to other task features
A_j is calculated by:

uj _ exp (SCOT‘e( Oj, A*j,’i )) (30)
b > texp (score( o, A_j )

Cross-task information integrates via weighted sum:

pj = Z iUgA_j,i (31)

'The final representation vector is formed by concatenating o’ and p’:
2 =[0;p) (32)

where u/ represents the attention weight of the i-th feature in the j-th task. A_; ; denotes the feature set of other
tasks. score refers to the attention score function. p’ means the integrated cross-attention feature. Finally, o’ and
p? are spliced to form the final task feature vector 27.

Finally, the task layer predicts essay scores through the output layer, which applies a sigmoid activation
function to map the feature vector 2z’ to the range [0,1]:

¥ = sigmoid(Wjz" + b)) (33)

where W and b} are weights and biases, and 37 is the predicted score for task j.

In summary, the proposed HFC-AES model achieves multi-level collaborative modeling of essay content
and topic semantics through two stages: topic-independent and topic-related feature extraction and modeling. It
fully integrates shallow textual features with deep semantic features and combines shared and task-specific layers.
Moreover, the cross-task attention mechanism enhances the model’s adaptability to semantic variations across
topics, improving scoring accuracy. The next section evaluates the model’s performance on cross-topic AES
tasks using multiple public datasets. Results on scoring effectiveness, ablation studies, and practical applications
demonstrate the model’s effectiveness and usability.

Experimental design and performance evaluation

Dataset collection

This experiment uses the Automated Student Assessment Prize (ASAP) dataset, which contains a large number
of English compositions primarily designed to evaluate students’ writing proficiency. The ASAP dataset includes
eight distinct topics, each corresponding to a subset of compositions labeled with overall scores. To protect
privacy and reduce scoring bias, sensitive information such as specific names and locations in the compositions
is anonymized by replacing them uniformly with the placeholder “@entity” Text preprocessing also involves
removing non-standard characters and special symbols, and converting all letters to lowercase to minimize noise
during model training. For text segmentation, the NLTK toolkit is employed to perform sentence- and word-
level tokenization, supporting subsequent hierarchical semantic modeling. Given the differing scoring intervals
across topics, all original scores are normalized to the range [0,1] to ensure fairness and comparability in cross-
topic scoring. To prevent data leakage in cross-topic experiments, prompt words and keywords explicitly related
to the composition topics are removed. This step avoids the model “cheating” by learning the prompt content
directly and helps ensure the scoring model’s generalization truly reflects writing quality. The dataset is split into
training and test sets in a 3:2 ratio. For each experiment, one topic serves as the test set while the remaining seven
topics form the training set. The model performance is evaluated using 50% cross-validation.

Experimental environment and parameters setting
Table 3 lists the software, hardware, and development environment used in this experiment, along with key
parameter settings. Model parameters are primarily determined using empirical rules and optimized based on
validation set performance.

The Quadratic Weighted Kappa (QWK) is used as the evaluation index, which mainly measures the
consistency between the model and the real rater, and considers the square penalty of the scoring deviation. The
calculation equation of QWK is as follows:
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Software and hardware environment/parameters | Configuration/value
Operating system Window10

Processor AMD Ryzen7

Display card NVIDIA GeForce RTX 2060
Programming language Python

DL framework Tensorflow2.0

Optimization function RMS-prop

Initial learning rate 0.005

Batch size 64

Weight initialization method

Xavier initialization

Dropout 0.5
Epochs 30

Number of CNN output channels 128
Number of hidden units in LSTM 256

Convolutional kernel size 3,4, 5 (parallel convolution)

Activation function ReLU

Table 3. Experimental environment and parameter settings.

QWK =1— Z £V:1 Z f;lwijOij
Z ﬁvzl Z ;'V:lwijEij

N refers to the total number of rating levels. O;; is the number of the actual score i and the predicted score j.
E;; represents the expected frequency calculated according to the rater’s score distribution and the predicted
score distribution. w;; is the weight based on the difference of scores, and the square difference weight is usually
adopted:

(34)
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The value range of QWK is [-1,1], where 1 means complete consistency, 0 means random consistency, and a
negative value means poor consistency.

Performance evaluation
(1) Comparison of model scoring results.

To evaluate the effectiveness of the HFC-AES model, this study compared it with five established AES models:
the Hierarchical Attention Model (Hi-att)?’, Co-attention, Temporary Deep Neural Network (TDNN)%,
Siamese Enhanced Deep Neural Network (SEDNN)*, and Cross-Task Scoring Model (CTS)?!. Hi-att and Co-
attention target single-topic scoring, while TDNN, SEDNN, and CTS address cross-topic scoring. To further
strengthen the results, two additional mainstream Transformer-based models were included: the BERT-based
AES model (BERT-AES) and the GPT-based generative AES model (GPT-AES). BERT-AES uses multi-task fine-
tuning to emphasize sentence-level semantic consistency, while GPT-AES incorporates prompt information and
generates scoring predictions by producing rating sequences. Figure 5 presents the QWK results of all models
in cross-topic evaluation.

Figure 5 shows that in cross-topic AES, single-topic models such as Hi-att and Co-attention perform worse
than cross-topic AES models. Among all models, HFC-AES achieves the highest performance, with an average
QWK of 0.856, surpassing other cross-topic approaches and confirming its effectiveness. GPT-AES and BERT-
AES achieve mean QWK scores of 0.810 and 0.791, respectively, outperforming traditional RNN and CNN
models but still falling short of HFC-AES. These results indicate that while Transformer architectures excel at
feature extraction, HFC-AES gains further advantages through structural optimization and cross-task modeling.
Its multi-level semantic modeling and accurate topic-related feature extraction enhance the alignment between
compositions and prompts. By integrating the task and shared layers with a cross-task attention mechanism,
the model effectively handles semantic differences between topics, improving cross-topic scoring accuracy.
Furthermore, the joint optimization mechanism enhances robustness and scoring consistency, enabling HFC-
AES to achieve superior performance. To investigate the reasons behind HFC-AES’s performance advantage,
a comparison was conducted with two-stage cross-topic AES models, TDNN and SEDNN, focusing on QWK
results for pre-scoring compositions in the topic-independent stage, as shown in Fig. 6.

Figure 6 shows that the HFC-AES model achieved a higher QWK than TDNN and SEDNN in pre-
scoring compositions during the topic-independent stage. Its average QWK across eight prompts was 0.769,
outperforming TDNN (0.546) and SEDNN (0.681). These results confirm that the first stage of HFC-AES is
critical for improving pre-scoring quality. Unlike the comparison models, HFC-AES better incorporates prompt
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Fig. 5. Comparison of QWK values of various models in cross-topic scenes.
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Fig. 6. QWK Comparison of Three Cross-Topic Models in the Topic-Independent Stage.

information, leading to stronger cross-topic performance. In the topic-related stage, HFC-AES again performed
best. Its hierarchical neural network structure effectively captured the complex semantic relationships between
compositions and prompts. By extracting general semantic features in the shared layer and emphasizing topic-
relevant information in the task layer, the model improved topic alignment and scoring accuracy. The Bi-LSTM
and attention mechanisms further enhanced contextual modeling and feature extraction, enabling superior

4 5 6 7 8

Average

Prompt

results in cross-topic scoring.

To assess the model’s generalization across different writing types and datasets, supplementary experiments
were conducted on the publicly available TOEFL11 and International Corpus of Learner English (ICLE) datasets.
TOEFL11 contains compositions from 11 groups of non-native English speakers, and ICLE consists of academic
texts from multiple non-English-speaking countries. To ensure robust and unbiased evaluation, tenfold cross-
validation with repeated verification was applied to each dataset to minimize overfitting. Figure 7 reports the

QWK scores of all models.

Figure 7 presents the QWK evaluation results of all models on the TOEFL11 and ICLE datasets. HFC-AES
consistently outperformed the comparison models, achieving a QWK of 0.852 on TOEFL11 and demonstrating
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Fig. 7. The QWK evaluation results of each model on TOEFL11 and ICLE datasets.

Sample ID S1

S2

S3

a greener, more efficient society. Isn't it better to reduce traffic
jams and pollution?”

close”

Prompt Should governments invest more in public transportation? Is it better to live in a city or a rural area? Should college education be free?
“While some may argue that cars offer greater freedom, I “Living in a city has many benefits. You can o to “College education should be free so
firmly believe that investing in public transportation leads to 8 Y y benents. Tou goto that everyone can access knowledge.

Excerpt museums, restaurants, or hospitals easily. Everything is

However, the government needs a
sustainable plan to fund it”

author’s stance and giving a lower score.

resulting in an inflated score.

Human Score | 4.5 3.0 4.8
Model Score | 3.7 4.1 4.5
Score Gap -0.8 +1.1 -0.3

) The model misinterpreted the rhetorical question and Despite the'z fluent lar}guage and clear structure, the essay | Minor spelling a'nd grammar issues
Analysis of contrastive reasoning. underestimating the strength of the lacked critical analysis. The model over-weighted surface | were over-penalized by the model,
Deviation & s 8 fluency and failed to penalize the lack of argument depth, | leading to a slight underestimation

of the overall quality.

Table 4. Sample analysis of the differences between model and human scoring.

strong adaptability to non-native English writing. In contrast, traditional models such as Hi-att and Co-attention
delivered lower accuracy and weaker consistency, highlighting the superiority of HFC-AES in handling
compositions from diverse linguistic backgrounds. These results confirm the model’s robust generalization
capability, particularly in scoring tasks involving non-native writers.

To further examine performance differences in real scoring scenarios, a qualitative error analysis was
conducted on representative samples. Table 4 lists three compositions with their prompts, human-assigned
scores, model predictions, and explanations for scoring discrepancies.

The discrepancies primarily stem from the model’s limited capacity to interpret rhetorical devices,
nuanced tone, and deeper reasoning. Essays with complex structures or implicit meaning were more prone to
misjudgment. This highlights an area for improvement: integrating advanced discourse reasoning modules or
fine-tuning pre-trained language models at the discourse level to enhance recognition of implicit semantics and

rhetorical strategies.

(2) Ablation experiments.

Systematic ablation experiments were designed to evaluate the contributions of different features and mechanisms
in the HFC-AES model to scoring performance. Two categories were examined: feature-level ablation (discourse
structure, topic-independent features, and topic-related features) and mechanism-level ablation (e.g., attention
mechanisms). Each feature or mechanism was removed individually and in combination to assess its impact on

performance.

For feature-level ablation, the following configurations were tested: Structural features: discourse structure
removed; Topic-independent features: all topic-independent features removed; Topic-related features: all
topic-related features removed; Structural + topic-independent features: both discourse structure and topic-
independent features removed. The results are presented in Fig. 8.

Figure 8 shows that each feature type contributes differently to model performance. Removing discourse
structure features reduces the average QWK to 0.827, confirming their value in capturing overall organization
and logical coherence. The impact is greater when topic-independent features are excluded, with the QWK
dropping to 0.765, highlighting the importance of basic linguistic indicators such as vocabulary and syntax
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Fig. 8. Results of the feature-level ablation experiment.

in modeling text complexity and writing style. Eliminating topic-related features results in a similar decline,
with the QWK decreasing to 0.770, underscoring their role in assessing how well a composition aligns with its
prompt. The largest drop occurs when both discourse structure and topic-independent features are removed,
with the QWK falling to 0.735. This demonstrates that each feature type supports the others: removing one
weakens performance, and removing both amplifies the effect. For example, tasks using Prompts 1-4 show the
steepest degradation under this combination. Compared to the full HFC-AES model, which achieves an average
QWK of 0.856, this ablation produces a 0.121 loss, emphasizing the need for diverse feature inputs. Overall, these
results confirm that discourse structure, basic linguistic features, and topic-semantic matching work together to
enable accurate scoring.

The next step evaluates the role of the attention mechanism. Three configurations are tested: Attention:
removal of the attention mechanism; Attention + topic-related features: removal of both attention and topic-
related features; Structural + topic-independent + attention: removal of discourse structure, topic-independent
features, and attention. The outcomes are shown in Fig. 9.

Figure 9 shows that removing the attention mechanism alone lowers the model’s average QWK to 0.818,
only a slight decrease from the complete model. This indicates that the attention mechanism, though secondary,
still contributes meaningfully, especially in handling compositions with complex structures or inter-sentence
relationships. Its impact becomes more pronounced when combined with other features. For instance, removing
both the attention mechanism and topic-related features reduces the average QWK to 0.792, a much larger
drop than removing either alone, highlighting their interdependence. The attention mechanism enhances
the modeling of semantic alignment between compositions and prompts, ensuring accurate topic matching.
When discourse structure, topic-independent features, and the attention mechanism are all removed, the QWK
further falls to 0.778, resulting in a loss of 0.078 compared with the full model (0.856). Performance declines are
especially evident in Prompts 4 and 7, which require high-level semantic abstraction and contextual reasoning.
Prompt 4 involves balancing ethical concerns and scientific progress, often using metaphors, concessions, and
dual-argument structures that demand strong semantic and structural comprehension. Prompt 7 calls for
critical analysis of social phenomena and technological impacts, with frequent logical reasoning and subjective
expression. Without topic-related features and the attention mechanism, the model struggles to determine
whether a composition stays focused on the prompt, reducing scoring consistency.

Overall, the attention mechanism is not the sole determinant of performance, but its synergy with semantic
features significantly improves topic understanding and contextual semantic capture, making it a vital component
in cross-topic scoring. To further evaluate the HFC-AES model under different feature configurations,
additional ablation experiments were conducted on shallow learning (SL) and DL features. By removing each
type separately, the SL-only and DL-only models were obtained, and their effects on cross-topic composition
scoring are presented in Fig. 10.

Figure 10 shows that the overall scoring performance of the HFC-AES model drops when either shallow
learning (SL) or DL features are removed. The average QWK decreases to 0.821 without SL features and to 0.812
without DL features, both lower than the complete model’s 0.856. This indicates that both feature types are
essential for accurate scoring. Shallow features, such as word frequency, sentence length, and syntactic diversity,
provide intuitive and stable indicators of linguistic complexity and writing style, helping the model assess basic
language quality. DL features, by contrast, capture richer semantic representations and contextual relationships
through neural networks, improving the model’s ability to evaluate semantic coherence and logical flow. Together,
they form a complementary multi-level semantic representation of each composition, making their joint use a
key factor in achieving high-precision scoring. Figures 8 and 9 further reveal that among all features, topic-
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Fig. 9. Results of mechanism-level ablation experiments.
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Fig. 10. Experiments on ablation with different feature types.

related features have the greatest impact. Removing them lowers the average QWK from 0.856 to 0.827, with
marked performance drops on Prompts 4 and 7. These features directly model the semantic alignment between
compositions and their prompts—an especially challenging aspect of cross-topic scoring—allowing the model
to more accurately judge topical relevance. In HFC-AES, this is accomplished through bidirectional LSTM and
attention mechanisms in the task layer, substantially improving scoring consistency and accuracy across topics.

To enhance interpretability, attention weight distributions and feature importance were further analyzed to
provide deeper insights into the model’s decision-making. Table 5 presents the attention weights assigned to
specific features across different scoring dimensions.

To further reveal how the model assigned attention weights within specific texts, the attention distribution for
the sentence “College education should be free so that everyone can access knowledge. However, the government
needs a sustainable plan to fund it” was visualized. The visualization is shown in Fig. 11.

The intra-sentence attention distribution reveals that the model assigns higher weights to phrases like
“sustainable plan” and “government needs,” indicating its focus on the practical feasibility issues raised in the
essay. This focus is crucial for evaluating the logical completeness of argumentative writing. However, the
attention on the phrase “should be free so that everyone can access knowledge” is more dispersed, reflecting the
model’s lower sensitivity to idealistic or emotional expressions compared to factual statements. This difference
further highlights the model’s limitation in handling subjective stances and shifts in tone. This word-level
visualization based on attention aids in explaining specific scoring discrepancies and represents a promising
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Prompt | Grammar | Semantics | Vocabulary usage | Organization structure | Total score
1 0.22 0.19 0.18 0.41 0.89
2 0.20 0.21 0.22 0.37 0.82
3 0.25 0.20 0.17 0.38 0.83
4 0.24 0.21 0.19 0.36 0.89
5 0.23 0.22 0.18 0.37 0.86
6 0.21 0.23 0.19 0.37 0.86
7 0.26 0.19 0.18 0.37 0.87
8 0.22 0.20 0.20 0.38 0.82

Table 5. Interpretability analysis of attention mechanisms.

0.12 0.18 0.15 0.14

f | f |

College education should be free so that everyone can access knowledge.

However, the government needs a sustainable plan to fund it.

v v v v

0.08 0.45 0.52 0.21

Fig. 11. Visualization of attention weight distribution for the example sentence.

Feature Importance scoring
Grammar 0.25
Semantics 0.22
Vocabulary usage 0.18

Organization structure | 0.20

Text structure 0.15

Table 6. Feature importance assessment.

direction for improving model interpretability. The feature importance assessment quantifies the contribution of
each feature to the scoring decisions. The results are presented in Table 6.

Tables 5 and 6 reveal that, in the interpretability analysis of the attention mechanism, the model places greater
emphasis on organizational structure during scoring. This suggests that the HFC-AES model prioritizes logical
coherence and structural quality when evaluating compositions. Regarding feature importance, grammatical
and semantic features hold significant weight, underscoring their critical role in determining final scores. In
contrast, discourse structure shows relatively lower importance, possibly due to its reduced influence in certain
composition types. These findings indicate that the model’s scoring decisions largely depend on grammar and
semantic quality, while its attention to organizational structure supports effective assessment of coherence and
logical consistency.

(3) Influence of the cross-attention mechanism on the scoring model.

The HFC-AES model incorporates a cross-attention mechanism to evaluate both overall composition quality
and specific scoring dimensions, including semantics, grammar, vocabulary usage, and organizational structure.
The impact of this mechanism on overall scoring performance is assessed, with results presented in Fig. 12.
Figure 12 illustrates how the HFC-AES model dynamically adjusts the weight assigned to various features
for different scoring tasks after incorporating the cross-attention mechanism. This adjustment notably enhances
scoring accuracy and consistency. For the overall composition score, the cross-attention mechanism allocates
weights thoughtfully across scoring dimensions. Semantic and grammatical features receive weights of 0.159
and 0.168, respectively, highlighting the model’s emphasis on semantic coherence and grammatical accuracy—
aligning well with human scoring criteria. Vocabulary usage is weighted at 0.133, reflecting its importance in
scoring, particularly in terms of diversity and precision. When predicting the organizational structure score,
the mechanism concentrates the majority of the weight (0.173) on organizational features, significantly down-
weighting other aspects. This selective focus enables the model to prioritize key features relevant to specific
scoring tasks, thereby improving the accuracy of individual dimension scores. In summary, the cross-attention
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mechanism allows the model to flexibly reweight features depending on the scoring task, enhancing the precision
and rationale of composition evaluation.

(3) Practical application of the HFC-AES model.

To evaluate the practical utility of the HFC-AES model, its automatic scoring results are compared with human
evaluator scores. This comparison helps verify the model’s accuracy and feasibility in real-world settings.
Figure 13 presents this comparison, with scores normalized to a maximum of 100 points.

Figure 13 shows that the differences between the HFC-AES model’s scores and human ratings are minimal,
with most errors falling within a 3-point range. This indicates that the HFC-AES model closely approximates
human scoring standards, making it well-suited for practical automatic composition scoring tasks. While minor
discrepancies may occur in individual cases, the model generally performs reliably, effectively supporting
automatic scoring needs in real-world applications and demonstrating strong feasibility and potential.

To further assess the model’s practical applicability, its processing time was evaluated by measuring the
average scoring time per composition. All experiments were conducted on a consistent hardware and software
platform. Comparative models included HFC-AES, TDNN, SEDNN, CTS, BERT-AES, and GPT-AES. The
results are summarized in Table 7.

Table 7 shows that the processing time of the HFC-AES model is slightly longer than that of traditional DL
models. This is primarily due to its integration of shallow features, deep semantic representations, discourse
structure information, and a multi-module collaborative training mechanism. However, its processing time
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Models TDNN | SEDNN | CTS | BERT-AES | GPT-AES | HFC-AES
Average time consumption (s) | 0.19 0.25 0.32 | 0.98 1.22 0.87

Table 7. Comparison of processing time in model rating stage (Unit: seconds/article).

remains significantly shorter than that of GPT-AES and BERT-AES, which rely on large-scale pre-trained models
and suffer from considerable time bottlenecks in practical applications due to their vast parameter sizes and
complex inference procedures. Overall, HFC-AES achieves a strong balance between high scoring accuracy and
acceptable processing efficiency, making it well-suited for scenarios that demand precise grading. In practical
educational settings, this means the HFC-AES model can score approximately 69 essays per minute. For
instance, in a medium-sized high school where 3,000 essays need to be graded in a single exam, the model can
complete the task within 45 min. This level of performance offers a feasible and effective solution for classroom
assessments, online writing platforms, and large-scale standardized testing.

Discussion

In summary, the proposed HFC-AES model integrates shallow textual features with DL representations in a two-
stage framework that includes both topic-independent and topic-related feature extraction and modeling. This
design significantly improves scoring consistency and robustness compared to existing approaches. For example,
Li et al. (2023) developed an AES method that combined multi-scale features with Sentence-BERT embeddings
and shallow linguistic and topic-related features, achieving a QWK of 0.79332 Wang (2023) extracted semantic
features via CNN and LSTM and topic features through TF-IDE which resulted in a neural network-based AES
model with a QWK of 0.816. Dhini et al. (2023) proposed an AES model based on semantic and keyword
similarity using Sentence Transformers; by incorporating multilingual Paraphrase-Multilingual-MiniLM-
L12-V2 and DistilBERT-Base-Multilingual-Cased-V1 models, their approach improved evaluation scores by
0.2 points®. In contrast, this model enhances the understanding of composition content and semantics and
strengthens the robustness and adaptability of topic information through a cross-task attention mechanism.
Consequently, it offers a more comprehensive and effective technical solution for intelligent evaluation in
English language teaching.

In practical applications, computational efficiency is crucial for automated scoring systems deployed at scale.
This study evaluates the HFC-AES model’s performance in processing thousands of essays in near real-time.
On a single GPU machine, the model achieves an inference throughput of approximately 200 compositions
per minute, satisfying the demands of most online education platforms. To increase throughput further,
distributed computing and data parallelism can be employed to distribute scoring tasks across multiple servers
for near-linear acceleration. Additionally, asynchronous batch processing can substantially improve overall
system capacity while maintaining scoring latency within seconds. These features meet the low-latency, high-
concurrency requirements of large-scale educational environments. To address scenarios with limited computing
resources, lightweight model alternatives are explored. Recent advances in DL have produced compressed
pretrained models like DistilBERT and TinyBERT, which maintain strong semantic understanding while greatly
reducing parameter counts and computational overhead. These distilled models can be efficiently deployed
on edge devices or resource-constrained classroom settings. By integrating the HFC-AES multi-stage feature
fusion strategy with these lightweight models as substitutes for deep semantic extractors, the system retains high
scoring accuracy while lowering latency and computational costs. This makes the scoring system more practical
for large-scale real-world education. Future work will focus on systematically evaluating and optimizing these
lightweight versions to further enhance the model’s applicability in educational contexts.

Although the HFC-AES model demonstrates strong efficiency and scoring consistency, deploying automated
scoring systems raises important ethical concerns. The model may place excessive emphasis on surface-level
features like language fluency and syntactic accuracy, potentially undervaluing creativity and critical thinking.
This could lead to a bias favoring style over substance. Moreover, compositions reflecting significant differences
in gender, cultural background, or language variants risk being unfairly scored due to imbalances in the training
data, which can introduce algorithmic bias. To address these issues, future work should focus on enhancing
training mechanisms to promote diversity, inclusiveness, and fairness—for example, by integrating fairness
correction modules and improving the recognition and understanding of non-standard linguistic expressions.
Additionally, quality control should be enforced through manual audits and human-in-the-loop processes to
ensure that automated systems complement rather than fully replace human evaluators, thus mitigating risks of
misuse or overreliance on technology.

Conclusion

Research contribution

This study proposes a cross-topic automatic English composition scoring model, HFC-AES, which integrates DL
features with shallow text features through both topic-independent and topic-related feature extraction. The model
aims to enhance the accuracy and reliability of English composition scoring, thereby improving the evaluation
of English language teaching effectiveness. Experimental results validate the model’s effectiveness, leading to
the following conclusions: (1) In cross-topic composition scoring, HFC-AES achieves the best performance
with an average QWK of 0.856, surpassing other cross-topic models. Its pre-scoring QWK also outperforms
TDNN and SEDNN, indicating a key role in improving pseudo-data quality. (2) Ablation experiments reveal
that discourse structure features significantly impact argumentative composition scoring, with a 13.32% drop
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in score when these features are removed. In contrast, removing the attention mechanism has a relatively minor
effect. Overall, the HFC-AES model excels when both text structure features and the attention mechanism are
included, underscoring their importance in cross-topic scoring. (3) The introduction of the cross-attention
mechanism substantially enhances scoring performance, aligning model predictions more closely with human
judgments. By combining DL and shallow text features, HFC-AES demonstrates clear advantages in cross-topic
English composition scoring, providing robust technical support and a practical foundation for evaluating
English teaching effectiveness. The introduction of HFC-AES not only represents a performance breakthrough
in automated scoring but also opens new possibilities for fairness, consistency, and efficiency in English teaching
assessment. Traditional manual grading suffers from subjectivity and scalability limitations, while HFC-AES
shows strong potential to reshape educational assessment through data-driven approaches. Its adaptability and
scalability in scoring cross-topic, multi-task, and linguistically complex essays highlight its broad applicability.
Moreover, the model’s interpretability modules offer transparent, visualized evidence for teachers, facilitating
applications in instructional feedback, writing assistance, and educational diagnostics. This paves the way for
future “human-machine collaborative” educational assessment.

Future works and research limitations

Although the HFC-AES model has demonstrated strong performance in cross-topic English composition
scoring, several limitations remain. First, its generalization to different genres—such as narrative, reflective, or
creative writing—needs improvement. These genres often feature nonlinear structures, subjective experiences,
and emotional expression, which may not align well with the model’s current focus on structure and logical
coherence. Future work could explore genre-adaptive modules or multi-genre scoring branches to enhance
flexibility and applicability. Second, while preliminary consideration has been given to multilingual extension,
the models potential cultural biases, linguistic preferences, and adaptation to geographically diverse corpora
have not been systematically examined. Future research should emphasize fairness by integrating sociolinguistic
and educational assessment theories to evaluate scoring consistency across students from varied socioeconomic
and educational backgrounds. Strategies such as balanced training data, fairness-aware regularization, and bias
mitigation techniques will be critical for reducing potential disparities. Third, despite its superior performance,
the model’s computational demands remain relatively high, posing challenges for deployment in resource-
constrained school settings or large-scale online examination platforms. Subsequent efforts will focus on model
compression, knowledge distillation, and the development of lightweight, edge-compatible versions to improve
efficiency and practical usability. Finally, to address trust and transparency issues inherent in automated scoring,
future work may explore “human-machine hybrid scoring systems” where model outputs serve as decision-
support tools or initial screening aids for human graders. This approach could safeguard scoring quality while
enhancing efficiency and feedback speed, facilitating deeper integration of Al technologies into educational
practice and advancing the intelligent transformation of composition assessment.
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The datasets used and/or analyzed during the current study are available from the corresponding author Jinhai
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