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Abstract

With increasingly frequent international exchanges, the translation of China’s
political documents has become a critical factor in conveying China’s voice and
shaping its international image. The development of AI-driven MT systems has
profoundly transformed the language service industry and its ecology. An in-
tegrated evaluation of these MT systems’ performance for Chinese-English
translation of China’s political documents has been carried out. This study
takes “Recommendations of the Central Committee of the Communist Party
of China for Formulating the 15th Five-Year Plan for National Economic and
Social Development” as the source text material, with the English version re-
leased by the State Council as the reference translation. First, the translation
quality of English versions generated by DeepL, Baidu, Youdao, Doubao,
ChatGPT, and Gemini 3 Flash was evaluated respectively by using three auto-
matic evaluation metrics: BLEU, TER, and METEOR. Then, based on the
MQM 2.0 core framework, the same English versions were evaluated by error
analysis to assess the performance of each MT system. The results show that:
1) As for the automatic evaluation metrics, Doubao, DeepL, and Baidu ranked
the top three for BLEU; the top three in ascending order were Doubao, Youdao,
and DeepL for TER; Doubao, Gemini 3 Flash, and DeepL ranked the top three
for METEOR. Based on the overall score of the above three metrics, the top
three rankings are Doubao, DeepL, and Youdao. 2) As for MQM evaluation,
all six MT systems had an error rate of 60% or above for the terminology di-
mension; only two MT systems had no errors in the language conventions di-
mension; two MT systems had no errors in the accuracy dimension; in the style
dimension, one MT system had an error rate of only 4%, and others of at least
above 85%. In terms of overall Chinese-English translation performance, Dou-
bao, Youdao, and Gemini 3 Flash ranked the top three, with Doubao’s perfor-

DOI: 10.4236/jss.2026.148026 Aug. 20, 2026 453

Open Journal of Social Sciences


https://www.scirp.org/journal/jss
https://doi.org/10.4236/jss.2026.148026
https://www.scirp.org/
https://doi.org/10.4236/jss.2026.148026
http://creativecommons.org/licenses/by-nc/4.0/

D.H.Hu

mance significantly surpassing other MT systems in the dimensions of accu-
racy, language conventions, and style. This study will shed light on the perfor-
mance of MT systems for Chinese-English translation of China’s political doc-
uments, and further research in translation studies and post-translation editing
in this digital era.
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Al-Driven MT Systems, Political Documents, Translation Quality
Assessment, Automatic Evaluation, MQM Framework

1. Introduction

Translation has long been an important medium for bridging linguistic and cul-
tural gaps, facilitating the exchange of knowledge, and fostering mutual under-
standing between peoples. From the manual translation of ancient texts to mod-
ern technological advancements, the methods and tools used for translation have
continuously evolved (Shahmerdanova, 2025).

Machine Translation (MT) has been profoundly reshaped by the rapid devel-
opment of artificial intelligence and natural language processing technologies.
Generative artificial intelligence (GenAlI) technology, centered on large language
models, has already permeated the entire process of language services, promoting
the collaborative development of machine translation technology and human
translation, forming a human-in-the-loop translation model (Cui, 2025). GenAI
not only significantly enhances the efficiency and accuracy of translation (Dalayli,
2023; Liu, 2024), but also transforms the translation process, the participants in-
volved, and the final product (Wang & Liu, 2026). However, no matter how peo-
ple’s understanding of translation expands, translation quality is always an issue
that cannot be ignored and often constitutes one of the hot topics in translation
studies (Sun, 2023; Lommel et al., 2013).

2. Literature Review

In the early 1970s, Holmes (2000) remarked that “the level of such criticism is
today still frequently very low, ... Doubtless the activities of translation interpre-
tation and evaluation will always elude the grasp of objective analysis to some ex-
tent, and so continue to reflect the intuitive, impressionist attitudes and stances of
the critic” (Holmes, 2000: p. 182). As Drugan (2013: p. 70) stated, research on
translation quality in academia is confined to translated works while neglecting
the processes and contexts of translation activity, and only validates various pro-
posed theories and models within a relatively narrow scope.

In the 1990s, however, software localization began to emerge as a separate branch
within translation, and its business-oriented requirements tended to focus on
identifying and quantifying individual errors to produce a quality score that could

be used for acceptance testing and to support other business decisions (Lommel
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etal., 2013). The strong practical demand has prompted the development of trans-
lation quality evaluation models, typically the LISA QA Model and SAE ]2450.
The LISA QA Model was developed by the Localization Industry Standards Asso-
ciation (LISA) and is based on error counts to evaluate translation quality from
both language and format aspects. Language evaluation parameters include mis-
translation, accuracy, terminology, style, consistency, etc.; format evaluation pa-
rameters include layout, typography, images, illustration numbering and cap-
tions, indexes, etc. The severity of errors is further divided into minor, major, and
critical, with each category assigned a certain weight. Translation quality is as-
sessed by calculating the error scores (LISA, 2006).

SAE J2450 is a quality evaluation metric primarily used for technical transla-
tions in the automotive sector (SAE International, 2001). It is divided into seven
error types: terminology errors, semantic errors, omission, structural errors,
spelling errors, punctuation errors, and other errors. In the absence of other ac-
cepted models, both of these metrics were widely implemented, even for tasks be-
yond their original scope of application.

But LISA QA and its predecessors followed a “one-size-fits-all” approach (Mar-
heinecke, 2016: p. 72), and cannot be used for machine translation evaluation.
SAE J2450 is limited to the automotive industry and its general applicability is
somewhat insufficient, although machine translation evaluation is included. The
concepts, methods, and standards used by existing evaluation models vary, lack-
ing a basis for horizontal comparison, let alone compatibility and interoperability,
which to some extent causes confusion. The language service industry urgently
needs a unified evaluation framework to guide practice, and the Multidimensional
Quality Metrics (MQM) model emerged accordingly.

The MQM model, developed by the German Research Center for Artificial In-
telligence, is one of the research outcomes of the EU-funded QTLaunchPad pro-
ject and is currently being updated by the QT21 (Quality Translation 21) project.
This model integrates various existing resources to form a comprehensive, open,
and customizable quality assessment framework. Within this framework, it pro-
vides a hierarchical error classification system and, based on this, constructs a
family of related metrics. This system can be used not only for evaluating transla-
tions but also for assessing source texts, with applications beyond the traditional
translation industry, including localization and transcreation domains (Lommel
& Melby, 2015).

Functionalism and Multiple Evaluations Are the Underlying
Concepts of the MQM Model

First, the MQM model adopts a functionalist evaluation approach, meaning that
translation quality depends on the extent to which the text fulfills its communica-
tive purpose. Quality is the fulfillment of consumer expectations; quality applies
to specific products, services, people, processes, and environments; and quality is

a continuously changing state (Goetsch & Davis, 2013: p. 2). Therefore, the accu-
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racy and fluency that characterize translation quality are limited by the audience
and purpose, must conform to the established standards of both parties served,
and must take into account the needs of the users (Koby & Melby, 2013: p. 178).

Second, the MQM model also incorporates the concept of multiple evaluations.
As Geoffrey Kingscott stated, “All aspects of translation quality are relative” (1996:
138). Different client groups have different business needs, and their uses, pur-
poses, timeframes, and budgets for translation products vary, which naturally
leads to differing requirements and assessments of translation quality. The MQM
model does not intend to provide a “one-size-fits-all” standard; rather, it gives
users the freedom to evaluate translation quality according to different standards,
levels, and granularity.

MQM 2.0 categorizes issues in its top-level structure into eight primary dimen-
sions, namely Terminology, Accuracy, Linguistic Conventions, Style, Locale-Con-
ventions, Audience Appropriateness, Design and Markup, and Custom (MQM
Counsel). The MQM model integrates the quality evaluation of machine transla-
tion and human translation, ending the estrangement between the two in terms
of evaluation methods, which is a significant contribution of the MQM model
(Tian, 2020).

When conducting fidelity/fluency evaluations, these definitions are very vague,
and it is difficult for evaluators to be consistent in their application (Koehn, 2010:
p. 219). Therefore, evaluation methods have gradually shifted toward automation.
The basic idea is to compare the similarity between machine translations and ref-
erence translation and quantify it, thereby “objectively” assessing the quality of
machine translations by simulating human scoring. The main automated evalua-
tion metrics include BLEU, TER, METEOR, and others.

Automated evaluation methods can quickly yield scores and have relative sta-
bility, so they are widely used, but their reliability has always been a subject of
debate. Taking the most commonly used BLEU as an example, its main drawback
is that it heavily depends on reference translation and has low correlation with
human evaluation (Turian et al., 2003; Callison-Burch et al., 2006). Therefore, in
its recommendations to the European Union, the QT21 project stated that “main-
stream MT quality assessment methods based on automatic metrics are incom-
patible with the methods used for professional human translation, and typically
do not reflect the needs of actual users of translation” (Melby, 2015: p. 5). In order
to overcome this drawback, the MQM model introduced methodological innova-
tions. It no longer pursues rapid automatic evaluation, but instead follows the er-
ror classification approach commonly used in human evaluation, employing a
unified descriptive language to characterize the quality of machine translation and
human translation, serving as an important supplement to the automatic evalua-
tion of machine translation quality (Cornelius, 2016: p. 15).

The MQM model places machine translations and human translations on an
equal footing for evaluation, helping users choose a reasonable translation ap-

proach and highlighting that the relationship between the two is cooperative ra-
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ther than competitive (Melby, 2015: p. 10), which adequately addresses the afore-
mentioned issue.

As for the automatic metrics, they can only show the quality of the translations
quantitatively, but they cannot demonstrate what kind of mistakes are in the
translations. The MQM framework can point out precisely what kind of mistakes
are made by the MT systems, which will make up for the shortcomings of the
automatic analysis. Only with the integration of automatic analysis and MQM
analysis can the quality of the MT translations be evaluated more efficiently, ob-

jectively, and reliably.

3. Methodology
3.1. Data

The Chinese political document used in this study comes from the “Recommen-
dations of the Central Committee of the Communist Party of China for Formu-
lating the 15th Five-Year Plan for National Economic and Social Development”
(short as “the Recommendations™). The specific source text is Part Three, 1078
words, with the official English translation from the State Council website serving
as the reference. English translations generated by Al-driven MT systems such as
DeepL!, Baidu AI% Youdao AI®, Doubao AI*, ChatGPT 4.0° and Gemini 3 Flash®,
and the translations were directly obtained by inputting the Chinese source text,
without any more prompts or directions, on Feb 9 or 10, 2026. No major post-

editing is applied to the MT translations.

3.2. Automated Evaluation Metrics

The automatic evaluation metrics used in this study are BLEU, TER, and ME-
TEOR. BLEU (Bilingual Evaluation Understudy) evaluates the overall quality of a
translation by calculating the n-gram precision between the candidate translation
and one or more reference translations, combined with a length penalty factor. Its
core idea is that “the closer the candidate translation is to the reference translation,
the higher its quality” (Papineni et al., 2002). BLEU shows good correlation with
human evaluation at both the discourse and sentence levels, and it is fast and low-
cost to compute, ushering in a new era of automatic machine translation evalua-
tion and becoming the de facto standard for nearly two decades. However, the
BLEU metric heavily relies on the quality and quantity of reference translations
and is not friendly to diverse expressions. Being based on surface-form matching,
it cannot capture semantic similarity (such as synonyms or word order varia-

tions); its reliability is low for shorter translation units (such as sentences); and it

'https://www.deepl.com/zh/translator/l/en/en, translated on Feb. 9, 2026.
*https://fanyi.baidu.com/mtpe-individual/transText, translated on Feb. 10, 2026.
*https://fanyi.youdao.com/#/TextTranslate, translated on Feb. 10, 2026.
*https://www.doubao.com/chat/?channel=hw db_csqixiang&source=hw db_csqixiang, translated on
Feb. 9, 2026.

*https://xsimplechat.com/chat?topic=tpc_wf]6qWKut90G, translated on Feb. 9, 2026.
6https:[[deepmind.google[models[ gemini/flash/, translated on Feb. 10, 2026.
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tends to favor “safe” translations with a high overlap of vocabulary with the refer-
ence translation, potentially penalizing reasonable creative translations.

To address the shortcomings of BLEU, the METEOR (Metric for Evaluation of
Translation with Explicit ORdering) metric introduces stem matching, synonym
matching, and paraphrase matching, while balancing precision and recall, im-
proving its correlation with human judgments. In multilingual and multidomain
tests, METEOR shows a significantly higher Pearson correlation with human
scores at the sentence level than BLEU, aligning more closely with how humans
perceive translation quality (Banejee & Meteor, 2005). METEOR extends BLEU’s
concept of “co-occurrence” by proposing three modules for counting co-occur-
rences: First is the “exact” module, which counts co-occurrences of words that are
exactly the same in the candidate and reference translations. Second is the “porter
stem module,” which uses the Porter stemming algorithm to count co-occur-
rences of word “variants” with the same stem in the candidate and reference trans-
lations, such as “happy” and “happiness.” Third is the “WN synonymy module,”
which matches synonyms in the candidate and reference translations using the
WordNet dictionary, counting co-occurrences, such as “sunlight” and “sunshine.”
However, METEOR relies on external dictionaries (like WordNet), making it less
adaptable to low-resource languages. Its core is still word-level matching, so it has
limited ability to evaluate complex syntax, semantics, and discourse coherence.

TER (Translation Edit Rate) is a metric based on edit distance. TER quantifies
the minimum number of edit operations required to change a machine translation
into exactly the same text as the reference translation. TER scores usually range be-
tween 0 and 1, with higher values indicating lower quality, and it can more accurately
capture subtle differences in translations (Snover et al., 2006). By combining three
different metrics to evaluate various aspects of machine translations, a more compre-

hensive and precise assessment of machine translation quality can be achieved.

3.3. Human-Evaluated MQM Metrics

MQM 2.0 is organized into eight top level dimensions: Terminology, Accuracy,
Linguistic Conventions, Style, Locale Conventions, Audience Appropriateness,
Design and Markup, and Custom. According to the mistake types of the MT sys-
tems, an indicator-based rather than a full-dimensional MQM assessment is car-
ried out in this study. That is to say, we only chose four dimensions of terminol-
ogy, accuracy, linguistic conventions, and style for the error analysis, with one or

more representative indicators for each dimension; for details, see section 5.

4. Automated Quality Evaluation of Translations Generated
by the MT Systems

This study uses the translation evaluation tool on the Shiyibao’ website and takes
the translation provided by the State Council as the reference translation. It

measures the BLEU, TER, METEOR scores, and comprehensive scores of transla-

"https://www.shiyibao.com/tools/MTPEtest
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tions generated by DeepL, Baidu, Youdao, Doubao, ChatGPT4.0, and Gemini 3
Flash, as shown in Table 1.

Table 1. BLEU, TER, METEOR scores, and overall score.

MI ID BLEU TER METEOR Overall Score
DeepL 0.7042 0.5699 0.3026 48
Baidu 0.6871 0.5981 0.2923 46
Youdao 0.6828 0.5739 0.3001 47
Doubao 0.7505 0.5347 0.3413 52
ChatGPT 4.0 0.3811 0.9529 0.2962 24
Gemini 3 Flash 0.6715 0.6026 0.3031 46

Mean 0.6462 0.6387 0.3059 43.83

As shown in Table 1, in terms of the BLEU metric, Doubao, DeepL, and Baidu
ranked in the top three, while only ChatGPT 4.0 was significantly below the mean
score of 0.6462. According to Zhou and Liu (2022), if the BLEU score is over
31.4%, the translation quality is fairly good. In Table 1, all the translations gener-
ated by the MT systems are quite good.

In terms of the TER metric, the top three in ascending order of scores were
Doubao, Youdao, and DeepL, with only ChatGPT 4.0 significantly exceeding the
mean score of 0.6387. Academia has not reached an agreement about the TER
score at which translation quality can be defined as fairly well, but they are below
those reported by Wen and Tian (2024) of above 0.70.

In terms of the METEOR metric, the top three scores were Doubao, Gemini 3
Flash, and DeepL, with only Baidu and ChatGPT 4.0 falling below the mean score
of 0.3059.

The overall score was roughly calculated by the formula: Overall score = BLEU
x 63 + METEOR x 17 — TER x 3, and my overall score was directly obtained from
the shiyibao website. Based on the overall score of the above three metrics, the top

three rankings are Doubao, DeepL, and Youdao.

5. Multidimensional Analysis of Translation Quality

The MQM model assigns a certain weight to each issue. In terms of severity, it is
divided into none (no error, scored 0), minor (minor error, does not affect the use
or understanding of the content, scored 1), major (major error, affects the use or
understanding of the content but still within an acceptable range, scored 10), and
critical (severe error, making the content unusable, scored 100). The MQM model
is quite flexible. Users can either directly use the model’s preset metrics for quality
assessment or customize them. The steps are as follows: 1) Defining the evaluation
criteria based on parameters; 2) Selecting the evaluation dimensions; 3) Deter-

mining the evaluation method; 4) Choosing several questions for each dimension;
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5) Setting weights according to the relative importance of each question; 6) De-
termining the threshold for translation acceptability; and 7) Implementing the
evaluation deployment (Lommel & Melby, 2015).

Based on the specific performance of translation outputs by the MT Systems,
this study evaluates the translations from four dimensions: terminology, language
conventions, accuracy, and style, with 25 points for terminology, 25 points for
language conventions, 20 points for accuracy, and 30 points for style. Errors in
each category are classified as minor or major, with a deduction of 1 point for a
minor error, 5 points for a major error, and 1.5 points for a major error in style.
Minor errors are those that do not impact meaning or usability; major issues are
those that impact meaning or usability but do not render the text unusable.

We invited two English teachers, each holding a PhD in Linguistics and Trans-
lation Studies respectively, with over 20 years of experience in higher education
and extensive experience in teaching translation courses, to evaluate independently
the quality of translations generated by six MT systems based on the MQM 2.0
core standards.

Cohen’s Kappa (Wieckowska et al., 2022) was employed for inter-rater agree-
ment, which is 0.85. Using an error analysis approach, any disagreements regard-
ing error types were resolved through consultation between the two teachers for

final confirmation.

5.1. Terminology Translation Error of MT Systems

In the latest national standard “Terminology Work and Terminology Science Vo-
cabulary” (GB/T 15237-2025/ISO 1087:2019), a term is defined as “a designation
used in language to represent a general concept.” Feng (2011: p. 29) believes that
a term is “a conventional symbol used to express or define a specialized concept
through speech or writing”.

It points out that “Using Chinese theory to interpret Chinese practice, elevating
Chinese theory through Chinese practice, creating new concepts, categories, and
expressions that integrate China and the world, and more fully and vividly show-
casing China’s story and the ideological and spiritual power behind it.”® This ex-
cerpted text contains 1087 Chinese characters and is themed “Building a Modern-
ized Industrial System and Reinforcing the Foundations of the Real Economy,”
with many new concepts, expressions, and categories included. Five Chinese
terms with high frequency were chosen, namely zhongguoshi xiandaihua (Chi-
nese modernization, Term 1), weilai chanye (industries of the future, Term 2),
jushen zhineng (embodied artificial intelligence, Term 3), dujiaoshou (unicorn
companies, Term 4), and fuwuye (the service sector, Term 5) as indicators to
measure the translation capabilities of these six MT systems.

Based on the official translation by the State Council, DeepL and Doubao per-
formed better in the translation of these five terms, with an error rate of 60%,
followed by Baidu (error rate 80%), while Youdao, ChatGPT 4.0, and Gemini 3

Shttps://www.gov.cn/xinwen/2021-06/01/content 5614684.htm
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Flash had an error rate of 100% (Table 2).

Table 2. Terminology translation errors by MT systems (Total score: 25).

MT ID Terml Term2 Term3 Term4 Term5 Deducted scoresError rate

DeepL 0 -1 -1 -1 0 -3 60%
Baidu -1 -1 -1 -1 0 -4 80%
Youdao -1 -1 -1 -1 -1 -5 100%
Doubao 0 -1 -1 -1 0 -3 60%
ChatGPT 4.0 -1 -1 -1 -1 -1 =5 100%
Gemini3 -1 -1 -1 5 100%
Flash

Taking ' [E I (Zhongguoshi Xiandaihua) as an example, the official
translation by the State Council is “Chinese modernization.” It appears 21 times
in “the Recommendations,” and the translation in the 2026 Government Work
Report also adopts this translation (appearing 3 times). However, for such a fairly
familiar term, only DeepL and Doubao provide the correct translation, whereas
three MT systems translate it as “Chinese-style modernization,” and Baidu Al
translates it as “the Chinese path to modernization.”

Fang and Zhang (2026) collected 623 reports from 16 mainstream media sources
in the UK and the US from December 1978 to December 2025, which contain the
English translation of the Chinese term Zhongguoshi Xiandaihua, namely “Chi-

» <«

nese modernization,” “Chinese-style modernization,” “Chinese path to moderni-
zation,” and “modernization with Chinese characteristics.” Among these, UK me-
dia accounted for 428 reports and US media for 195 reports, with 994,694 words
and 904,022 words respectively. They found that in mainstream US media, the
most frequently used translations are “Chinese modernization” and “Chinese-
style modernization”, whereas in mainstream UK media, “Chinese-style modern-
ization” and “Chinese modernization” are the most commonly employed. “Chi-
nese-style modernization” is a literal translation of Zhongguoshi Xiandaihua. The
term “style” often collocates with words indicating “different, special, or unique,”
and the widespread dissemination and acceptance of this translation benefit from
China’s consistent emphasis in external discourse that Chinese-style moderniza-
tion is unique—it shares the common characteristics of modernization in Western
countries, as well as Chinese characteristics based on its national conditions. “Chi-
nese modernization” can be directly translated as “China’s modernization.” Its
frequent use in mainstream US and UK media indicates that the concise “modifier
+ core noun” structure is more readable and acceptable to audiences. From the
perspective of international discourse dissemination, the translation as a concep-
tual name is easy to spread, although its literal meaning does not directly convey
the semantic connotation of Zhongguoshi Xiandaihua, so the understanding of it
relies on the discourse context. Of course, with deeper dissemination, this trans-

lation and its semantic connotations gradually integrate as a whole.
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Li and Zhang (2026), based on multiple official documents and 187 news re-
ports from six foreign publicity media in China, conducted a discourse analysis of
the different translations and co-occurrence patterns of Zhongguoshi Xiandaijhua.
The study found that, when reporting on Zhongguoshi Xiandaihua, foreign pub-
licity media in China generally chose different translations depending on the con-
text. When Zhongguoshi Xiandaihua is used as a proper noun, it is usually trans-
lated as “Chinese modernization.” When emphasizing the path or method of
Zhongguoshi Xiandaihua, a translation containing “path,” such as “Chinese path
to modernization,” is preferred. Other translations, such as “Chinese-style mod-
ernization” or “China’s path to modernization,” appear occasionally. Although
the contexts in which they appear have slight differences, they can all be substi-
tuted with the two main translations: “Chinese modernization” and “Chinese path
to modernization.”

Since the concept of Zhongguoshi Xiandaihua was proposed, its English trans-
lations have included Chinese Modernization, Chinese path to modernization,
Chinese-style modernization, and modernization with Chinese characteristics,
etc. In order to more accurately convey the original meaning and to be easily un-
derstood by English readers, it was ultimately decided at the 20th National Con-
gress of the CPC held in 2023 to adopt “Chinese modernization” as the official
translation of Zhongguoshi Xiandaihua.

CGTN (2023) interviewed foreign expert Sean Slattery, working at the Party
History and Literature Research Institute, who has participated multiple times in
the translation of documents for the Chinese “Two Sessions.” How was the Eng-
lish translation of one of this year’s key terms, Zhongguoshi Xiandaihua, deter-
mined? The 20th National Congress of the CPC outlined a grand blueprint for
comprehensively advancing the great rejuvenation of the Chinese nation through
Chinese modernization. “Chinese-style modernization” has also become a high-
frequency term during this year’s Two Sessions. In previous translations of
Zhongguoshi Xiandaihua, Sean and his colleagues chose the expression “Chinese
modernization.” This concept may seem simple, but in reality, there are many
ways to translate it, such as “Chinese-style modernization” or “modernization
with Chinese characteristics.” We ultimately selected “Chinese modernization” as
the translation, as it is closest to the original meaning while also being easily un-
derstandable to English readers. Our Chinese colleagues will first translate the
content from Chinese into English, and then we will revise the English version.
We will discuss various translation issues together, especially the parts that are not
satisfactorily translated. For important concepts like these, we need to accurately
understand their meaning and go through multiple rounds of discussion to deter-
mine the most appropriate translation.

Through the discussion above, we can conclude that the term translation needs
the translator to understand the connotative meaning of the original term and its
context in the source text. The translation of a term should be normalized and

updated as time goes on.
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5.2. Accuracy Errors of MT Systems

Accuracy has long been a critical concept in translation, for example, Tytler’s first
principle for translation that “Translation should give a complete transcript of the
ideas of the original work” (Tytler, 1978: p. 16), or Yan’s first principle for trans-
lation “Xin (fidelity/faithfulness/trueness)” (Munday et al., 2020: p. 38). As for the
translation of China’s political documents, accuracy is a central and paramount
requirement. Many studies have focused on the accurate translation of content or
notional words in Chinese political documents, for example, new Chinese con-
cepts and expressions (Xiong, 2018), but little attention has been paid to the trans-
lation of function or grammatical words.

In this research, we chose a Chinese function word %% (déng, etc./ etal.), which
belongs to the subcategory of auxiliary words. First, it is used at the end of a list of
things or persons, but the list is not exhaustive; second, it is used at the end of a
list of things or persons to show complete enumeration. The Chinese character
déng in this political document is for the first usage, which means that the list is

not exhaustive.

Table 3. Translation errors for déng in the MT systems (Total score: 20).

MT ID déngl déng2 déng3  déng4 Deducted Score Error Rate

DeepL -5 -5 -5 -5 =20 100%
Baidu 0 -5 0 -5 -10 50%
Youdao 0 0 0 0 0 0%
Doubao 0 0 0 0 0 0%
ChatGPT 4.0 =5 0 0 =5 -10 50%
Gemini 3 Flash -5 0 0 -5 -10 50%

As shown in Table 3, only Youdao and Doubao have accurately understood and
translated all four instances of déng in the text (error rate 0%), while DeepL com-
pletely omitted the four occurrences of déng, resulting in inaccurate semantic
translation (error rate 100%); Baidu AI, ChatGPT 4.0, and Gemini 3 Flash cor-
rectly translated only two instances of déng (error rate 50%).

ST: EHRTHI L. s, L. BT, 9181 P, MERE. 255
FEASRRPL I T AL MISE

We should upgrade key industries and consolidate and enhance the position
and competitiveness of China’s industries such as mining, metallurgy, chemical
industry, light industries, textiles, machinery, vessels, and construction in the
global industrial division of labor.

DeepL TT: consolidating and enhancing the position and competitiveness of
the mining, metallurgy, chemical, light industry, textiles, machinery, shipbuild-
ing, and construction industries.

Baidu TT: consolidate and enhance the global industrial division of labor and
competitiveness in mining, metallurgy, chemicals, light industry, textiles, machin-

ery, shipbuilding, construction, and other sectors.
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Youdao TT: Consolidate and enhance the positions and competitiveness of in-
dustries such as mining, metallurgy, chemicals, light industry, textiles, machinery,
ships, and construction in the global industrial division.

Doubao TT: consolidate and elevate the status and competitiveness of mining,
metallurgy, chemicals, light industry, textiles, machinery, shipbuilding, construc-
tion, and other industries in the global industrial division of labor.

ChatGPT 4.0 TT: consolidating and elevating the status and competitiveness of
mining, metallurgy, chemicals, light industry, textiles, machinery, shipbuilding,
and construction in global industrial divisions.

Gemini 3 flash TT: consolidating and elevating the status and competitiveness
of mining, metallurgy, chemicals, light industry, textiles, machinery, shipbuilding,
and construction in global industrial divisions.

The official translation uses “such as” to list eight industries, but the list is not
exhaustive; in other words, these eight industries are literally emphasized, but
many other industries should also be included. Baidu’s translation, in addition to
listing the eight industries, adds “and other sectors,” while Doubao adds “and
other industries” after the eight industries, both fully conveying the meaning of
déng in the original text. Youdao uses a listing structure with “such as” to express
the meaning of déng. DeepL, ChatGPT 4.0, and Gemini 3 Flash, however, only
translate these eight industries, omitting the meaning of déng, therefore narrow-

ing the range of industries that should be upgraded and enhanced.

5.3. Language Conventions Errors by MT Systems

In the MQM framework, Language Conventions focus on the linguistic well-
formedness of the text, including problems with grammaticality, idiomaticity, and
mechanical correctness. One of the sub-categories in the language conventions
dimension is textual conventions, which means that when a text string (word,
phrase, sentence, phrase, other) violates the text-building (discourse) norms of the
target language, an error occurs.

English is a language with a clear hierarchy and distinction between subject and
object. But Chinese is different; even long sentences are composed of several short
clauses of comparable status, connected in a call-and-response manner, without a
clear distinction between subject and object (Yu, 2010: p. 2).

In the practice of Chinese-English text translation, the behavior of switching
thinking patterns involves that, in the comprehension stage, the translator oper-
ates based on the Chinese thinking pattern; in the expression stage, the translator
operates based on the English thinking pattern. In other words, in the former
stage, the translator should adhere to a spiral thinking pattern, while in the latter
stage, adhere to a linear thinking pattern (Lv, 2011).

The title of a text conveys the core content of the article to the reader in the
most concise words, and its important function is to attract the readers’ attention.
The title has a vocative function, so the characteristics of communicative transla-

tion (domestication) are relatively evident (Zhao, 2018: p. 126).
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As for the five titles in this Chinese political document, the Chinese titles are all
expressed with verb phrases, and the English translation should be in the form of

nouns or gerunds according to English textual norms.

Table 4. Title translation errors of the MT system (Total score: 25).

MT ID Title1 Title2 Title3 Title4 Title5 Deducted ScoreError Rate

DeepL 0 -1 -1 -1 -1 —4 80%
Baidu -1 -1 -1 -1 -1 -5 100%
Youdao 0 -1 -1 -1 -1 -4 80%
Doubao 0 0 0 0 0 -0 0%
ChatGPT 4.0 -1 -1 -1 -1 -1 =5 100%
Gemini 3
0 0 0 0 0 -0 0%
Flash

The English translation of titles is generally considered acceptable when ren-
dered in the form of nouns or gerunds, whereas using the verb form is deemed
incorrect. This study uses this criterion to determine whether English title trans-
lation conventions are met. In this text, there are five titles in total. As can be seen
in Table 4, only Doubao and Gemini 3 Flash have recognized the differences be-
tween Chinese and English texts and translated the five titles with gerunds (error
rate 0%); Baidu uses all five in the verb form (error rate 100%), while DeepL,
Youdao, and ChatGPT 4.0 each use four in the verb form (error rate 80%).

5.4. Translation Style Errors of MT Systems

In the MQM framework, if it deviates from organizational style guides or exhibits
inappropriate language style, even if it is grammatically acceptable, it is inappro-
priate in style. One subcategory of style error is called “awkward style,” which
means excessive wordiness or overly embedded clauses, often due to inappropri-
ate retention of source text style in the target text.

English is an analytic language, where logical relationships between sentences
are often made explicit through grammar, vocabulary, and other linguistic forms.
In contrast, Chinese is a synthetic language, characterized by discreteness in its
structure, and the logical connections between sentences are mostly achieved through
semantic coherence. As a result, logical connectives are often unnecessary, making
flowing sentences and subjectless sentences relatively common, particularly in Chi-
nese political documents. Subjectless sentences are a common sentence structure in
Chinese, referring to cases where the subject is omitted or missing. They are usually
made up of a predicate or a predicate phrase, specifically for sentences where the
exact subject cannot or does not need to be stated. In translating Chinese subjectless
sentences, common approaches include adding a subject, translating them into
passive sentences, or turning them into existential sentences, imperative sen-
tences, or other special sentence patterns (Li & Shen, 2017: p. 156).

In the Chinese text, there are 22 sentences except for the five titles, among which
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21 are subjectless sentences, and only one is a subject-predicate sentence. In the
official English translation, all the subjectless sentences are translated into subject-
predicate sentences, adding “We should” at the beginning of each sentence, which

emphasizes the agent and its obligations.

Table 5. Awkward style errors of the MT systems (Total score: 30).

No. of No. of Subject-  No. of imperative Deducted Error

Sentences Predicate Sentences sentences Score Rate

DeepL 26 2 24 -24 92%
Baidu 26 2 24 -24 92%
Youdao 24 2 21 -21 88%
Doubao 24 23 1 -1 4%

Chatgpt 4.0 26 4 22 =22 85%

Gemini 3 28 4 24 24 86%

Flash

As shown in Table 5, Doubao transformed the Chinese subjectless sentences
into English subject-predicate sentences except for one sentence. All other MT
systems retained most of the Chinese source text style in the English target text,
translating them into imperative sentences, and failed to translate most of the Chi-
nese subjectless sentences into English subject-predicate sentences, and the error

rate is at least above 85%.

Table 6. MQM errors of the MT systems.

Linguistic Style

MT ID 'I;;r:;lrinnsol;sg)y é;;l;razcsy) conventions (Sentence Descizi:ed
’ ’ (Titles, 20) Patterns, 30)

DeepL -3 =20 -4 —24 =51
Baidu -4 -10 -5 -24 -43
Youdao -5 0 -4 -21 -30
Doubao -3 0 -0 -1 -4
Chatgpt 4.0 -5 -10 -5 =22 -42
Gemini 3 Flash -5 -10 -0 —24 -39

The errors of MT systems were incorporated into Table 6, as it can be seen that
Doubao excels significantly in four dimensions: terminology, accuracy, linguistic
conventions and style, and overall performance. Youdao and Gemini 3 Flash fol-

lowed Doubao in overall performance.

6. Conclusion

This study has carried out an integrated approach to evaluate the performance of
six Al-driven MT systems for Chinese-English translation of China’s political

documents. Part three of the Recommendations has been taken as the source text,
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and the English version released by the State Council as the reference translation.
This study has found that: First, the English versions generated by DeepL, Baidu,
Youdao, Doubao, ChatGPT, and Gemini 3 Flash were evaluated respectively by
using three automatic evaluation metrics: BLEU, TER, and METEOR. Second,
based on the MQM 2.0 core framework, the same English versions were evaluated
by error analysis to assess the performance of each MT system. Doubao, Youdao,
and Gemini 3 rank in the top three in overall performance in terms of the four
dimensions of terminology, accuracy, linguistic conventions, and style. Third,
Doubao excels significantly in overall performance and each of the four dimen-
sions. Youdao performs well in the accuracy dimension, and Gemini 3 Flash per-
forms well in the linguistic conventions dimension.

Just as Zhang (2020) points out, machine translation technology is essentially
the result of human intellectual development, and its progress relies on the accu-
mulation and summarization of existing human knowledge, experience, and tech-
nological achievements, so the creativity of translators will be a technical challenge
that machine translation will find difficult to overcome.

This study will shed light on the performance of MT Systems for Chinese-Eng-
lish translation of China’s political documents, and further research in translation
studies and post-translation editing in this digital era. Collaboration between hu-
man-MT workflow will be needed to facilitate translation efficiency and transla-
tion quality as well.
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