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ABSTRACT

The advent of large language models (LLMs), such as ChatGPT, has opened new avenues for machine translation

(MT), particularly in specialised domains such as technical documentation. However, their performance, relative to neural

MT systems like Google Neural Machine Translation (GNMT), lacks empirical validation for the Chinese-English language

pair. This study aims to compare the Chinese-English translation quality of GNMT and ChatGPT-4 in technical manuals,

evaluate the variability of six widely used automatic metrics, and examine their correlation with human assessment. A

parallel bilingual corpus of eighty aligned segments from technical manuals was constructed. Translations generated

by GNMT and ChatGPT-4 were evaluated using standard automatic lexical metrics (BLEU, METEOR, and CHRF),

semantic metrics (BLEURT, BERTScore, and COMET-QE), and human assessments. Statistical analyses employed paired

t-tests, Wilcoxon signed-rank tests, Friedman tests with Wilcoxon post hoc comparisons, and Spearman correlations. The

results showed that human evaluators preferred ChatGPT-4 over GNMT for technical manual translation, whereas all

automatic metrics favoured GNMT. Automatic evaluation revealed notable inconsistencies, with partial alignment observed

in COMET-QE-related comparisons. Correlation patterns differed across systems: only semantic metrics exhibited limited

correlations with human assessments for GNMT. In contrast, for ChatGPT-4, lexical metrics exhibited moderate to low

correlations, whereas semantic metrics demonstrated no meaningful association. These findings highlight ChatGPT-4’s

advantage in human-judged translation quality, while also underscoring the misalignment between automatic metrics and
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human assessments in LLM-based machine translation, thereby reinforcing the need for more context-sensitive and adaptive

evaluation approaches.

Keywords: Automatic Evaluation Metrics; ChatGPT-4; Google Neural Machine Translation (GNMT); Technical Manual

Translation

1. Introduction

Neural Machine Translation (NMT), as exemplified by

Google Neural Machine Translation (GNMT), has led to no-

table improvements in translation quality. This progress stems

from the use of neural networks and attention mechanisms,

which support context-aware and semantically grounded

translations [1,2]. More recently, large language models

(LLMs), such as ChatGPT, have introduced a transformative

translation paradigm shift [3], with some outputs approach-

ing human-level quality [4]. Unlike traditional NMT systems,

LLMs typically perform competitively in Chinese-English

translation without extensive domain-specific fine-tuning,

and sometimes even outperform specialised models [5,6].

Nonetheless, the quality of translations across both

paradigms varies considerably depending on language pair

and domain. While ChatGPT excels with high-resource Eu-

ropean languages, its accuracy declines when handling low-

resource or typologically distant languages [7,8]. Persistent

challenges for ChatGPT translation, such as the rendering of

cultural references [9] and domain-specific terminology [10],

continue to hinder generalisability. In technical contexts,

where translation errors may affect product functionality, le-

gal clarity, or user safety, robust evaluation is vital. This un-

derlines the importance of comparative research that assesses

system performance under domain-specific constraints.

Technical translation differs from general-domain trans-

lation in its use of rigid syntax, a higher density of ter-

minology, and its functional focus on facilitating product

comprehension and usage [11]. Accuracy and consistency in

rendering domain-specific collocations are essential to pre-

vent ambiguity [12]. Even minor errors may lead to notable

consequences, making technical translation a demanding

benchmark for evaluating MT systems. Although recent

studies [13–15] have confirmed the fluency and contextual ad-

equacy of NMT and LLM systems, few have systematically

evaluated their effectiveness in specialised Chinese-English

technical translation tasks.

While lexical overlap metrics such as BLEU [16] and

METEOR [17] remain widely used due to their efficiency

and reproducibility, they are increasingly criticised for their

limited ability to capture semantic adequacy and contextual

nuance [18]. For instance, Chatzikoumi [19] highlighted that

BLEU and related classic metrics often fail to adequately

assess the semantic quality of NMT outputs, especially when

translations diverge structurally from the source text yet pre-

serve equivalent meaning.

Recent innovations have introduced semantically in-

formed, pre-trained evaluation metrics: BERTScore [20]

gauges contextual similarity using embeddings; BLEURT [21]

leverages fine-tuned models aligned with human assessments;

and COMET [22], developed by Unbabel, estimates quality

without reference texts. However, few studies have employed

both lexical and semantic metrics in tandem with human as-

sessment to evaluate Chinese-English technical translation.

While recent developments in machine translation

(MT) have yielded substantial progress, concerns persist re-

garding its consistency and effectiveness in domain-specific

contexts. This study presents a comparative analysis of

GNMT and ChatGPT-4, focusing on the Chinese-to-English

translation of technical manuals. The study evaluates transla-

tion quality using both automatic metrics and human assess-

ment, to elucidate system-level disparities, variations among

metrics, and the extent to which metric scores align with

human assessment. Specifically, this study seeks to address

the following research questions:

RQ1. How does the Chinese-English translation quality of

GNMT and ChatGPT-4 differ as evaluated by automatic met-

rics and human assessment?

RQ2. How do different automatic metrics vary in scoring

translation quality?

RQ3. To what extent do automatic metrics correlate with

human assessment across different systems?

The following section reviews relevant literature to

contextualise the study within existing research and establish
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the analytical framework.

2. Literature Review

2.1. Technical Text Features and MT Systems

Comparison

Unlike the translation of literary texts embedded with

culture-specific elements by Zuo et al. [23] or the creative

literary renderings explored by Zahrawi et al. [24], machine

translation continues to exhibit limitations when process-

ing culturally embedded discourse. By contrast, as Kaji [25]

observed, controlled language texts in technical domains

tend to be more concise and explicit, rendering them more

amenable to machine translation.

Such texts typically employ passive constructions, nom-

inalisations, and rigid syntactic patterns—particularly in for-

mal English usage [26]. Additionally, they are marked by

dense terminology, domain-specific abbreviations, and an

objective, impersonal tone [27]. These features are especially

prevalent in manuals, user guides, and procedural documenta-

tion, where clarity and functional precision are paramount [28].

Given these linguistic complexities, it is imperative to ex-

amine how MT systems respond to the specific demands of

technical texts.

To address these challenges, researchers have increas-

ingly applied NMT systems and LLMs to technical translation

tasks involving diverse language pairs. Recent studies present

a nuanced picture of their comparative strengths. For instance,

Barák [29] found that ChatGPT-4 surpassed DeepL in semantic

adequacy and error management when translating English-

Slovak scientific texts, although DeepL demonstrated more

consistent syntactic accuracy and fluency. In the English-

Arabic context, Sadiq [30] reported that ChatGPT achieved

the highest scores for fluency and semantic precision, while

GNMT lagged in terminology rendering and cultural sensitiv-

ity. However, findings are not universally consistent. Alzain

et al. [14] observed that GNMT produced fewer errors than

ChatGPTwhen translating English scientific texts intoArabic.

In contrast, Karim [31] emphasised ChatGPT’s stronger ability

to convey intended meaning, while DeepL outperformed both

systems in terms of grammatical consistency.

These studies collectively underscore the variability in

MT system performance depending on the language pair and

specific textual genre. Notably, there has been scant attention

to Chinese-English technical translation, a pairing charac-

terised by significant structural divergence and high domain

specificity. To address this gap, the present study conducts

a domain-sensitive, multi-metric comparison of GNMT and

ChatGPT-4 translation in Chinese-to-English technical texts.

2.2. Evaluation for Machine Translation Qual-

ity

Machine translation quality evaluation primarily com-

prises human assessment and automated metrics. Human

assessment typically involves rating dimensions such as flu-

ency and adequacy, often using Likert scales [32] or continu-

ous scales within Direct Assessment frameworks [33]. More

advanced approaches include semantically oriented methods

such as HUME (Human UCCA-Based Machine Translation

Evaluation), proposed by Birch et al. [34], which employs

the UCCA framework to assess the extent to which source

meaning is preserved in the translation. These methods offer

practically meaningful insights, particularly useful in large-

scale human assessment within specialised domains such as

technical and scientific translation.

Another commonly employed approach to human eval-

uation involves categorising translation errors, ideally com-

plemented by detailed error analysis using frameworks such

as MQM (Multidimensional Quality Metrics) [35]. Its highly

granular framework offers analytical precision but also poses

practical challenges for annotators. Evaluating depends on

expert judgement from trained annotators, yet distinctions

between error types (e.g., mistranslation and terminology

issues) and severity levels are often ambiguous, limiting re-

producibility [19,36]. As a result, MQM proves less scalable

for system-wide or cross-domain comparative evaluations.

In this context, streamlined evaluation tools, such as five-

point Likert scales that target key dimensions such as accu-

racy, fluency, terminology, and style, offer a pragmatic and

scalable solution.

In contrast to human assessment, automatic metrics

offer superior efficiency, speed, consistency, and cost-

effectiveness [19,37], making them widely adopted in both

academic research and industrial applications. These metrics

generally fall into two broad categories: lexical or string-

based metrics (e.g., BLEU, CHRF, METEOR) and semantic

or pre-trained metrics (e.g., BERTScore, BLEURT, COMET-

QE) [7]. Most of these metrics rely on reference translations,
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whereas reference-free models such as COMET-QE evaluate

output directly in relation to the source text, thereby enabling

more independent and context-sensitive evaluation.

BLEU (Bilingual Evaluation Understudy) [16] calcu-

lates word-level n-gram precision between MT output and

reference, applying a brevity penalty to penalise excessively

short hypotheses. CHRF (Character n-gram F-score) [38]

adopts the character-level n-gram, enabling finer-grained

evaluation of morphological and orthographic variation

through a balanced F-score of precision and recall. ME-

TEOR [17] extends n-grammatching by integrating stemming,

synonymy, and word order penalties, thereby aiming to ap-

proximate human judgement more closely than surface-level

metrics.

BERTScore [20] uses contextual embeddings from pre-

trained transformer models to compute cosine similarity be-

tween tokens, generating soft alignments that underpin its

calculation of precision, recall, and F1 scores. BLEURT [21]

leverages pre-trained contextual representations fine-tuned on

human-annotated data to predict semantic adequacy, showing

promising performance in capturing semantic information [39].

COMET [18] similarly produces standardised quality estimates

using both source and reference embeddings. Building upon

COMET, COMET-QE [22] provides reference-free quality esti-

mation based solely on source input andMToutput. Although

reference-free metrics may offer greater flexibility in appli-

cation, they may exhibit bias against higher-quality outputs,

including those produced by human translators [40].

As deep learning enables MT systems to move beyond

surface-level lexical matches and capture richer semantic rep-

resentations, evaluation frameworks must likewise evolve.

As Ulitkin et al. [41] suggested, modern automatic evaluation

tools not only facilitate error classification but also inform

the continuous improvement of MT models. The integration

of lexical and semantic metrics thus offers a more compre-

hensive and robust means of assessing translation quality.

Nonetheless, the reliability of these metrics in evaluating

translations produced by the latest AI-driven systems in sci-

entific and technical domains remains to be substantiated.

2.3. Comparative Research on NMT and LLM-

Based Translation Systems

This section reviews recent comparative studies on

the translation performance of NMT systems and Large

Language Models (LLMs) across various language pairs

and text types. Particular attention is given to method-

ological differences that inform the design of the present

study. For instance, Ding [42] compared ChatGPT and four

NMT systems in the English-Chinese legal domain, find-

ing that NMT systems generally produced fewer severe er-

rors. Similarly, Briva-Iglesias [43] evaluated ChatGPT-4 and

GNMT in multilingual legal translation. While NMT sys-

tems achieved higher scores on most automatic metrics (e.g.,

BLEU, CHRF), human evaluators preferred ChatGPT-4 for

its consistent terminology usage and inter-sentential coher-

ence in high-resource language pairs.

Evaluation methodologies across these studies vary

considerably. Some employ purely qualitative human as-

sessments, as in the works of Sanz-Valdivieso and López-

Arroyo [44], AlAfnan [45], and Mohsen [46]. Others rely exclu-

sively on automatic metrics. For example, Son and Kim [15]

applied BLEU, TER, and CHRF to evaluate translation qual-

ity across eighteen language pairs in the context of news

reporting. Hybrid approaches are also common: Brewster et

al. [47] assessed ChatGPT and GNMT using human ratings

of adequacy and fluency for paediatric health texts, reveal-

ing comparable performance in Spanish and Portuguese, but

diminished quality for both systems in Haitian Creole. No-

tably, Sizov et al. [48] integrated BLEU and COMET with

explainability tools to analyse linguistic features in transla-

tions produced by NMT, LLMs, and human translators. They

found that LLM outputs more closely resembled human-

authored language than those of NMT systems, although

both remained distinguishable from native-authored texts.

Within the Chinese-English translation context, Cai [49]

examined editorial texts and found that ChatGPT produced

more fluent and grammatically coherent translations than

GNMT. However, it was less effective in capturing cultural

references and idiomatic expressions. Jiang et al. [50] noted

that in stylistically sensitive genres such as diplomatic dis-

course, the correlation between automatic metrics and human

assessment was relatively weak. Although ChatGPT’s trans-

lation quality improved markedly with prompt engineering,

automatic metrics failed to adequately reflect these improve-

ments. This underscores the continued necessity of human

assessment and highlights the need to develop automatic met-

rics capable of capturing the semantic diversity characteristic

of generative models.
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2.4. Research Gaps

While prior studies have explored the translation per-

formance of NMT systems and LLMs across various do-

mains, important gaps remain in the context of Chinese-

English technical translation. First, existing research rarely

focuses on system-level comparisons between NMT and

LLMs within this specific language pair and domain; as a

result, their relative strengths in technical contexts remain

insufficiently examined. Second, although various automatic

metrics have been widely adopted, little empirical attention

has been given to how their scoring behaviours differ across

technical domains. Third, the extent to which automatic met-

rics align with human assessments across systems remains

insufficiently validated. These gaps underscore the need for a

comprehensive evaluation framework that addresses system-

level differences, metric-level variation, and the reliability

of automatic evaluation.

3. Methodology

This study employed a quantitative design to evalu-

ate the translation performance of GNMT and ChatGPT-4,

using both automatic metrics and human assessments on

Chinese-English technical manual texts. Six automatic met-

rics were employed, comprising lexical overlap-based mea-

sures (BLEU, METEOR, and CHRF); and semantically ori-

ented metrics (BLEURT, BERTScore and COMET-QE) to

capture both surface-level similarity and deeper semantic

alignment. All translations were paragraph-level outputs,

derived from a diverse range of product technical manuals.

Evaluation scores were standardised through normalisation

procedures to enhance the validity of cross-metric compar-

isons. This design facilitates the identification of potential

performance differences between systems and allows for a

structured examination of metric-level behaviour.

3.1. Research Hypotheses

Based on the preceding research questions and method-

ological framework, the following hypotheses were proposed

to guide the quantitative analysis. They were designed to

examine performance differentials between systems, the sen-

sitivity of individual metrics to distinct aspects of translation

quality, and the extent to which automatic metrics align with

human assessment.

H1. There is a statistically significant difference in trans-

lation quality between Google Translate and ChatGPT-4

across the four technical sub-domains, as evaluated by both

automatic metrics and human assessment.

H2. Automatic metrics vary significantly in their sensitivity

to lexical and semantic translation quality, depending on the

translation systems.

H3. There is a statistically significant correlation between

automatic metric scores and human assessment scores, with

semantic metrics demonstrating stronger correlations than

lexical metrics.

To examine the proposed hypotheses, this study con-

ducted a methodological framework that integrates a purpose-

designed bilingual corpus with both automated and human

evaluation procedures. The subsequent sections detailed the

corpus construction process and articulated the underlying

rationale for the key decisions made in data selection and

assessment design. (Transition paragraph)

3.2. Corpus Selection and Rationale

The study constructed a small-scale bilingual corpus

through purposive sampling of paragraph-level segments

(80–120 words). These were drawn from publicly available

Chinese-English product manuals, including those for the

ThinkPad laptop, Apple devices, Toyota Highlander auto-

mobile, and Sony digital camera. The segment length was

selected to provide adequate contextual information for au-

tomatic metrics. Excessive length was avoided, as longer

inputs are associated with an increased risk of hallucinations

in LLM-generated outputs [51].

Text selection was guided by four key criteria to ensure

both methodological rigour and practical relevance. First,

the materials were drawn from domains such as consumer

electronics and automotive technology to reflect real-world,

end-user contexts with practical significance. Second, only

texts accompanied by professional parallel English-Chinese

translations were included, facilitating the application of

reference-based automatic metrics. Third, open-access docu-

ments were prioritised to maintain ethical transparency and

support reproducibility. Finally, texts were chosen for their

consumer-facing nature, thereby enhancing the usability and
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societal relevance of the research outcomes.

These manuals exemplify technical communication

characterised by procedural clarity, standardised terminol-

ogy, and domain-specific phraseology—linguistic features

that continue to challenge MT systems [52]. The inclusion

of authoritative, real-world parallel corpora enhances eco-

logical validity. It also strengthens the correlation between

automatic metrics and human assessments, as high-quality

reference translations have been shown to increase metric

reliability [53]. These texts were selected to provide a robust

foundation for evaluating MT output in technical genres and

to ensure consistency across automated and human evalua-

tion.

3.3. Translation Generation

To ensure consistency in translation generation, outputs

fromGNMTwere obtained directly via its web interface. For

ChatGPT-4, a minimal standardised prompt, “Please trans-

late the following text into English”, was employed to min-

imise prompt-induced variability. Such minimal prompting

reduces the risk of prompt-specific interference. It enables

the model’s output to reflect its default translational tenden-

cies more accurately, rather than any stylistic bias introduced

by elaborate instructions. This approach supports input uni-

formity across systems, thereby strengthening the internal

validity of comparative analyses. According to Pourkamali

and Sharifi [54], zero-shot prompting achieves greater accu-

racy and fluency in high-resource translation, with minimal

prompts often surpassing n-shot configurations in both effi-

ciency and quality. (add rationale for ChatGPT-4 prompting)

All translations were generated in May 2025, thereby

avoiding confounding effects related to system updates and

enabling a fair, synchronised comparison between the two

systems. To evaluate translation quality, this study adopted

both automatic and human assessment methods, selected for

their complementary strengths and relevance to the research

aims. (transition paragraph)

3.4. Automatic Metrics

Translation quality in this study was evaluated through

a combination of automatic metrics and human assessment to

ensure both depth and balance in the analysis. The automatic

evaluation involved two complementary categories: lexical

metrics and semantic metrics.

The lexical metrics—BLEU, METEOR, and CHRF—

remain standard tools for assessing surface-level correspon-

dence between machine-generated translations and reference

texts. BLEU is the most established benchmark in machine

translation research, facilitating comparability with prior

studies and industry norms. METEOR extends BLEU’s capa-

bilities by incorporating synonym recognition and stemming,

thereby offering greater sensitivity to lexical and morphologi-

cal variation [17]. CHRF, which operates at the character level,

captures fine-grained errors such as inflectional inconsisten-

cies and spelling deviations [36]. This makes it particularly

well-suited to technical translation, where precision at the

subword level is often critical.

To complement these surface-oriented measures, the

study also employed three semantically informed metrics.

BLEURT [21], fine-tuned on human judgment data, is de-

signed to approximate human perceptions of overall ade-

quacy and quality. BERTScore [20], by contrast, computes

token-level semantic similarity using contextual embeddings,

providing a granular measure of segment-level meaning

alignment. The combination of BLEURT and BERTScore

ensures that both holistic quality and detailed semantic cor-

respondence are robustly captured. In addition, COMET-

QE [18] was incorporated as a reference-free quality estima-

tion metric. This allows for evaluation in scenarios where

gold-standard references are unavailable. Such conditions

are common in real-world translation applications. (rationale

for choosing these metrics)

BLEU and CHRF scores were computed using SACRE-

BLEU [55], following the standard configuration adopted in

WMT evaluations. METEOR scores were derived using

the meteor_score function from the NLTK library. BLEURT

evaluations employed the official bleurt-base-512 checkpoint

via TensorFlow, while BERTScore was calculated using the

RoBERTa-large model implemented through Hugging Face’s

Transformers library. For COMET-QE, reference-free qual-

ity estimation was performed using the Unbabel COMET

framework with the wmt20-comet-qe-da model. This dual-

strand metric design enabled a comprehensive evaluation. It

supported system-level comparisons between GNMT and

ChatGPT-4, while also facilitating inter-metric analysis to

identify scoring discrepancies and potential alignment with

human preferences.
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3.5. HumanAssessment

To assess translation quality, this study adopted a hu-

man evaluation framework grounded in the Multidimen-

sional Quality Metrics (MQM) framework. The assessment

focused on four principal error categories: accuracy, fluency,

terminology, and style. Specifically, accuracy pertains to

meaning shifts arising from omissions, additions, or distor-

tions of the source content. fluency involves grammatical

correctness, proper spelling, punctuation, and the overall

linguistic coherence of the target text. terminology refers to

the improper use of domain-specific terms or inconsistencies

with established terminological conventions. Lastly, style

concerns instances where the translation, despite being gram-

matically correct, fails to align with the expected technical

or organisational style.

Two professional translators, each possessing more

than five years of industry experience and holding Master’s

degrees in Translation Studies, participated as independent

human evaluators. Before the assessment, both assessors

underwent calibration training through simulated scoring

sessions to ensure consistency and minimise potential bias

in judgement.

All translation segments were evaluated using a five-

point Likert scale (1 = very poor, 5 = excellent) across the

four quality dimensions. Under the procedures outlined by

Graham et al. [33] and Castilho and O’Brien [56], the final

score for each segment was calculated as the average of the

two evaluators’ ratings. This averaging method serves to

minimise inter-rater variability and provides a systematic

foundation for the human evaluation process. The human

assessments complemented the automatic metrics employed

in this study, offering a comprehensive perspective on trans-

lation performance. (more details of human assessment)

3.6. Data Analysis

Data were analysed using SPSS (v27) and JASP

(v0.17.2) for statistical testing and visualisation, with Mi-

crosoft Excel used for data organisation and normalisation.

To ensure all evaluation scores were presented on a consis-

tent percentage scale, they were converted to a 0-100 range.

For metrics such as COMET-QE, which may produce nega-

tive values, Min-Max normalisation was applied to ensure

consistent scaling [57]. This transformation preserves score

distributions while enabling consistent interpretation and

facilitating valid cross-metric comparison.

The Shapiro-Wilk test was used to assess data normal-

ity. Based on the results, either paired-samples t-tests or

Wilcoxon signed-rank tests were employed to compare the

performance of translation systems (RQ1). To examine scor-

ing variation across metrics (RQ2), the Friedman test was

conducted alongside post hoc analyses, supplemented by

clustered boxplot visualisations. For RQ3, Spearman corre-

lation was tested to assess relationships between automatic

metrics and human ratings, owing to its robustness against

non-normal distributions and outliers.

With the methodological framework in place, the fol-

lowing section reported the results obtained through both

automated and human evaluation. These findings were based

on standardised scoring and statistical procedures designed

to ensure analytical rigour and enable valid cross-system

comparison. (transition paragraph)

4. Results and Discussion

This section reports the results of statistical analyses

and discusses the findings in relation to the study’s three

research questions. Given the relatively small sample size

of translations generated by GNMT and ChatGPT-4, the

Shapiro-Wilk test was first conducted to assess the normal-

ity of score distributions, thereby informing the choice of

subsequent statistical tests.

4.1. RQ1: Translation Quality Comparison:

GNMT vs. ChatGPT-4

4.1.1. Results

As shown in Table 1, a p-value above 0.05 was inter-

preted as evidence of normal distribution. To ensure consis-

tency, a metric was deemed normally distributed only when

both GNMT and ChatGPT-4 outputs passed the Shapiro-

Wilk test. CHRF, METEOR, and BLEURTmet this criterion

and were therefore analysed using paired-samples t-tests. In

contrast, for BLEU, BERTScore, COMET-QE, and human

assessment, where normality was not confirmed across both

systems, the Wilcoxon signed-rank test was employed.

Results from the paired-sample t-tests and effect sizes

(Table 2) showed that all three automatic metrics yielded

p-values below 0. 001, indicating statistically significant differ-

776



Forum for Linguistic Studies | Volume 07 | Issue 09 | September 2025

ences in translation quality between GNMT and ChatGPT-4.

GNMT consistently outperformed ChatGPT-4, with mean

differences of 4.31, 6.13, and 3.64, respectively. Following

Cohen’s d [58] benchmarks, CHRF, METEOR, and BLEURT

showed moderate effect sizes, indicating statistically signifi-

cant yet modest differences. These distinctions were likely

perceptible to human evaluators but insufficient to suggest

major performance divergence.

Table 1. Shapiro-Wilk test results (bold indicates p > 0.05).

Metrics System W (Shapiro-Wilk) p-Value Normality

BLEU GNMT 0.983 0.388 Yes

BLEU ChatGPT-4 0.939 <0.001 No

CHRF GNMT 0.989 0.706 Yes

CHRF ChatGPT-4 0.973 0.082 Yes

METEOR GNMT 0.984 0.418 Yes

METEOR ChatGPT-4 0.978 0.186 Yes

BERTScore GNMT 0.982 0.301 Yes

BERTScore ChatGPT-4 0.965 0.029 No

BLEURT GNMT 0.992 0.899 Yes

BLEURT ChatGPT-4 0.978 0.180 Yes

COMET-QE GNMT 0.944 0.002 No

COMET-QE ChatGPT-4 0.951 0.004 No

Human Assessment GNMT 0.967 0.038 No

Human Assessment ChatGPT-4 0.957 0.009 No

Table 2. Paired-sample T-test and effective sizes.

Comparison Mean Difference t(df) p 95% CI Cohen’s d 95% CI

CHRF(GNMT-ChatGPT-4) 4.31 5.96 (79) <0.001 [2.87, 5.74] 0.666 [0.422, 0.907]

METEOR(GNMT -ChatGPT-4) 6.13 5.86 (79) <0.001 [4.05, 8.21] 0.655 [0.412, 0.895]

BLEURT(GNMT -ChatGPT-4) 3.64 3.85 (79) <0.001 [1.76, 5.52] 0.430 [0.200, 0.658]

Wilcoxon signed-rank tests (Table 3) revealed signif-

icant differences in system performance across all metrics.

The automatic metrics—BLEU, BERTScore, and COMET-

QE—consistently rated GNMT higher than ChatGPT-4 (Z =

−4.988 to −3.976, p < 0.001), with effect sizes ranging from

r = 0.445 to 0.558, indicating medium to large effects. In

contrast, human assessments strongly favoured ChatGPT-4

(Z = −7.739, p < 0.001), with a large effect size (r = 0.865),

suggesting a pronounced divergence in perceived translation

quality.

Table 3. Wilcoxon test result.

Comparison Z-Value p-Value Effect Size (r)

BLEU (GNMT & ChatGPT-4) −4.988b < 0.001 0.558

BERTScore (GNMT & ChatGPT-4) −4.931b < 0.001 0.551

COMET-QE (GNMT & ChatGPT-4) −3.976b < 0.001 0.445

Human Assessment (GNMT & ChatGPT-4) −7.739c < 0.001 0.865

* a. Wilcoxon signed ranks text; b. based on positive ranks; c. based on negative ranks.

This study supported Hypothesis H1, demonstrating

statistically significant differences in translation quality be-

tween GNMT and ChatGPT-4 across technical manuals. No-

tably, a systematic divergence emerged between evaluation

methods: while human annotators consistently favoured

translations produced by ChatGPT-4, all automatic metrics

ranked GNMT higher.

4.1.2. Discussion

These results revealed not only the relative performance

disparity between the two systems in this study, but also a

misalignment between human assessment and algorithmic

scoring mechanisms. This pattern was similarly observed

in Jiang et al.’s [50] comparative study on political and diplo-

matic discourse. Previous research has shown that automatic
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metrics tend to reward outputs that are structurally conven-

tional, terminologically consistent, and closely aligned with

expressions common in training data [59]. As GNMT tends

to produce literal, syntax-preserving translations, it is more

likely to score highly under such metrics.

This pattern mirrors the findings of Briva-Iglesias et

al. [43] in the legal domain, where automatic metrics also

favoured the output of NMT systems, while human evalua-

tors preferred ChatGPT-4’s more contextually adaptive style.

This suggests that such evaluative bias may be consistent

across domains, rather than confined to technical language.

The observed discrepancy largely stems from the de-

sign of current evaluation algorithms. Traditional surface-

based metrics such as BLEU rely on n-gram overlap and

fail to account for syntactic variation or discourse-level ade-

quacy [19]. Even semantically informed models like COMET

and BLEURT, which are trained on high-alignment reference

corpora, may undervalue structurally divergent yet semanti-

cally accurate outputs [60,61].

Moreover, LLMs such as ChatGPT-4 often adopt

rephrased or explicative strategies when handling infrequent

or semantically ambiguous segments [62]. Such translations

often appear contextually appropriate and stylistically natu-

ral. However, they may introduce greater semantic distance

from reference texts, which can lead automatic metrics to un-

derestimate their quality despite receiving favourable human

assessments.

In summary, ChatGPT-4 tends to adopt contextually

adaptive and interpretative translation strategies, which align

more closely with human evaluators’ preferences for seman-

tic naturalness and contextual coherence. In contrast, GNMT

prioritises syntactic fidelity and terminological consistency,

thereby achieving higher scores under automatic metrics that

favour surface-level alignment. The superior performance

of ChatGPT-4 in human evaluation may stem from its en-

hanced capacity for contextual comprehension and natural

language generation. This enables it to produce translations

that are semantically complete, stylistically fluent, and more

reflective of human linguistic patterns. Previous studies have

likewise indicated that large language models, particularly in

the case of extended texts and complex discourse scenarios,

demonstrate greater linguistic adaptability and expressive

naturalness [63], further substantiating the underlying mecha-

nism behind the observed divergence between human and

machine assessments.

4.2. RQ2: Variability acrossAutomaticMetrics

4.2.1. Results

Although some automatic metrics met the normality as-

sumption, others—namely BLEU, BERTScore, COMET-QE,

and human assessments—did not. To ensure methodological

consistency and analytical robustness, the Friedman test was

conducted across all six automatic metrics to assess overall

differences for ChatGPT-4 and GNMT, respectively.

Friedman test for the automatic metrics of ChatGPT-4

and GNMTwere summarised inTable 4. The results showed

that both systems demonstrate statistically significant differ-

ences across metrics (χ²[5] > 268.5, p < 0.001), with large

effect sizes (Kendall’s W > 0.67). Additionally, the mean

rank suggested a high degree of concordance among eval-

uation metrics in ranking translation outputs within both

ChatGPT-4 and GNMT.

Among all metrics, BLEURT consistently yielded the

lowest mean scores (ChatGPT-4: M = 28.01, SD = 10.19;

GNMT: M = 31.65, SD = 11.30) and the lowest mean ranks

(1.23 and 1.18, respectively), followed by BLEU. In contrast,

BERTScore produced the highest mean scores and ranks for

both systems (ChatGPT-4: M = 71.04, SD = 8.01, Rank =

5.40; GNMT: M = 74.47, SD = 7.62, Rank = 5.23), indicat-

ing a relatively consistent scoring pattern. Thus, although

absolute values differ between systems, the relative scores

from automatic metrics across systems remained stable.

To visualise the distributional differences across evalu-

ation metrics and between the two MT systems, a clustered

boxplot was produced (Figure 1). Scores were normalised to

a 0-100 scale on the x-axis, with individual metrics displayed

along the y-axis for both GNMT and ChatGPT-4. This vi-

sual summary aligns with the Friedman test results (Table

4), which further identified statistically significant dispari-

ties in ranking patterns across the six metrics. To enable a

more detailed comparison across individual automatic met-

rics, a Wilcoxon post hoc analysis (Table 5) was conducted

to validate the preliminary distributional patterns.

778



Forum for Linguistic Studies | Volume 07 | Issue 09 | September 2025

Table 4. Friedman test for automatic metrics: GNMT vs. ChatGPT-4.

Metric System Mean Score SD Mean Rank

BLEU ChatGPT-4 39.00 12.74 2.09

GNMT 45.60 13.47 2.13

CHRF ChatGPT-4 65.40 9.09 4.54

GNMT 69.71 9.10 4.39

METEOR ChatGPT-4 60.45 11.61 3.58

GNMT 66.58 10.82 3.83

BERTScore ChatGPT-4 71.04 8.01 5.40

GNMT 74.47 7.62 5.23

BLEURT ChatGPT-4 28.01 10.19 1.23

GNMT 31.65 11.30 1.18

COMET-QE ChatGPT-4 61.89 22.28 4.18

GNMT 66.57 22.44 4.25

* Friedman test results indicated significant differences across metrics for both systems: ChatGPT-4, χ²(5) = 281.564, p < 0.001, Kendall’s W = 0.704; GNMT, χ²(5) = 268.510,

p < 0.001, Kendall’s W = 0.671.

Figure 1. Clustered boxplot of metric scores for GNMT and ChatGPT-4.

Table 5. Wilcoxon post hoc tests for automatic metrics.

Comparison Z (ChatGPT-4) p (ChatGPT-4) Z (GNMT) p (GNMT)

CHRF vs. BLEU −7.770ᵇ <0.001 −7.770ᵇ <0.001

BERTScore vs. CHRF −6.823ᵇ <0.001 −6.034ᵇ <0.001

METEOR vs. CHRF −7.005ᶜ <0.001 −5.498ᶜ <0.001

BLEURT vs. CHRF −7.770ᶜ <0.001 −7.770ᶜ <0.001

COMET-QE vs. CHRF −0.609ᶜ 0.542 −0.470ᶜ 0.638

BERTScore vs. BLEU −7.770ᵇ <0.001 −7.770ᵇ <0.001

METEOR vs. BLEU −7.770ᵇ <0.001 −7.770ᵇ <0.001

BLEURT vs. BLEU −7.101ᵇ <0.001 −7.581ᶜ <0.001

COMET-QE vs. BLEU −5.875ᵇ <0.001 −5.482ᵇ <0.001

BERTScore vs. METEOR −7.573ᵇ <0.001 −7.046ᵇ <0.001

BLEURT vs. BERTScore −7.770ᶜ <0.001 −7.770ᶜ <0.001

COMET-QE vs. BERTScore −2.878ᶜ 0.004 −2.139ᶜ 0.032

BLEURT vs. METEOR −7.770ᶜ <0.001 −7.770ᶜ <0.001

COMET-QE vs. METEOR −1.050ᵇ 0.294 −0.350ᵇ <0.726

COMET-QE vs. BLEURT −7.266ᵇ <0.001 −7.262ᵇ <0.001

* a. Wilcoxon signed-rank test; b. based on negative ranks; c. based on positive ranks.
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Wilcoxon signed-rank tests were conducted across all

15 pairwise metric comparisons within each system, with

Bonferroni correction applied (α = 0.0033). As shown in Ta-

ble 5, 12 comparisons yielded statistically significant results

(p < 0.001) across both systems, indicating substantial di-

vergences in how different metrics evaluate translation qual-

ity. These results provided partial support for Hypothesis 2,

suggesting that most automatic metrics exhibit statistically

significant differences in their evaluation patterns.

However, the expected lexical-semantic distinction was

not clearly reflected in the observed results. Notably, sig-

nificant differences were also observed within both lexical

and semantic metric groups. This indicated that even met-

rics within the same category may display divergent scoring

behaviours, thereby challenging the assumed consistency

between metric typology and actual evaluative patterns. Fur-

thermore, despite these divergences, the scoring patterns

remained highly consistent across systems. This suggests

that the observed differences arise more from the metrics

themselves than from the characteristics of the translation

systems.

4.2.2. Discussion

According to the results of Table 4 and Figure 1,

considerable variability was observed across the metrics

in both score magnitude and distribution. No consistent

distinction emerged between lexical and semantic metrics

in terms of stability; however, COMET-QE exhibited the

widest dispersion. Notably, before normalisation, some of

COMET-QE absolute scores were negative and not corrob-

orated by human assessments. This volatility suggested

potential limitations in the robustness of COMET-QE for

technical-domain applications, echoing concerns raised by

Marie [64] and He et al. [65] regarding the interpretability and

reliability of reference-free evaluation systems. Similarly,

Deutsch et al. [40] identified evaluation biases for higher-

quality outputs, potentially linked to the constrained domain

scope of the training data. These findings suggest that fur-

ther recalibration or threshold tuning may be necessary when

applying such models in evaluative contexts where accuracy

and reliability are critical.

BLEU exhibited consistently low and tightly clustered

scores, with medians below 50. This outcome likely reflected

BLEU’s strict dependence on n-gram overlap and brevity

penalties, which penalise syntactic and lexical variation—

particularly characteristic of LLM-generated translations.

These findings support previous research [7,64], which identi-

fied BLEU as a conservative metric that may underrepresent

translation quality in certain contexts.

Similarly, BLEURT, despite being semantically ori-

ented, returned the lowest absolute scores across all met-

rics. Its reliance on large-scale reference-aligned training

data would compromise its responsiveness to paraphrastic

or stylistically nuanced outputs, particularly in specialised

domains. This corroborates prior findings by Yan et al. [61],

who noted BLEURT’s tendency to undervalue linguistically

varied LLM outputs.

By contrast, BERTScore, METEOR, and CHRF

demonstrated higher median scores and narrower distribu-

tions, indicating better internal consistency. While CHRF is

also based on n-gram matching, it operates at the character

level [38], enabling it to capture morphological variants and

symbol-level alignment. METEOR, though surface-level in

nature, incorporates stemming and synonym matching [17],

which may afford it greater tolerance for terminological vari-

ation. Overall, these results indicated that lexical metrics

should not be dismissed as unsuitable for technical MT eval-

uation. Semantic metrics could not categorically outperform

surface-level counterparts, and traditional measures might

offer distinctive strengths in domain-specific contexts.

As indicated in Table 5, the Wilcoxon post hoc tests

reaffirmed that most evaluation metrics exhibited statisti-

cally significant differences when assessing the two systems’

translations of technical manual texts. However, the resulting

pattern did not conform to the anticipated lexical-semantic

distinction, suggesting that the boundaries between metric

categories may be more fluid than previously assumed. Dif-

ferences were found both across and within metric categories,

indicating that sensitivity variations are largely attributable

to metric-specific characteristics rather than to group-level

distinctions. These findings underscore the need to treat eval-

uation metrics as individually calibrated tools rather than

members of rigid lexical or semantic categories. This aligns

with Sai et al. [66] who emphasised that variation in evaluation

outcomes often arises from differences in metrics’underlying

architectures, modelling strategies, and parameter settings.

These distinctions highlighted the individuality of metric

behaviour in translation evaluation.

780



Forum for Linguistic Studies | Volume 07 | Issue 09 | September 2025

Notably, three COMET-QE-related comparisons—

COMET-QE vs. CHRF, METEOR, and BERTScore—did

not reach statistical significance (p > 0.0033), suggesting an

apparent convergence. However, this convergence should

be interpreted with caution. The COMET-QE scores, be-

fore normalisation, exhibited high dispersion and frequent

outliers, potentially weakening the statistical power of the

test. Similar findings were raised by Marie [64] in the context

of WMT evaluations, where COMET-QE was found to be

prone to scoring instability and inconsistent sensitivity.

In summary, the results highlighted substantive diver-

gences among metrics in terms of scoring logic and evalua-

tive focus, underscoring the importance of metric triangula-

tion in translation quality assessment. For contexts requir-

ing scoring stability and responsiveness, CHRF, METEOR,

and BERTScore might serve as more robust alternatives to

COMET-QE in this context.

4.3. RQ3: Correlation betweenAutomatic Met-

rics and HumanAssessment

Although automatic metrics tended to favour GNMT,

their alignment with human assessments at the paragraph

level remains inconclusive. To explore this further, correla-

tion analyses were undertaken to assess the extent to which

each metric reflects human preferences at the item level. Ow-

ing to the non-normal distribution of the data, Spearman’s

rank-order correlation was deemed a suitable method. While

some evaluation scores appeared unusually low and might

be considered outliers, they were retained to reflect potential

limitations of the metrics themselves. This decision allows

for a more nuanced account of variability and evaluative bias.

To examine H3, Spearman’s rho (Figure 2) was computed

between six metrics and human scores for both GNMT and

ChatGPT-4 outputs.

Figure 2. Spearman Correlations Between Human Assessment and Automatic Metrics.
(* p < 0.05; ** p < 0.01; *** p < 0.001. Colour intensity denotes correlation strength: darker shades indicate stronger positive relationships; lighter tones denote weaker or

negative ones.)
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4.3.1. Results

The analysis first examined correlations under the

GNMT condition. Figure 2 and the results presented in

Appendix A revealed notable variation in the correlations

between automatic metrics and human assessments. Over-

all, semantically-oriented metrics demonstrated statistically

significant positive correlations with human scores. Specifi-

cally, COMET-QE showed a moderate correlation (ρ = 0.429,

p < 0.001), while BERTScore (ρ = 0.233, p = 0.037) and

BLEURT (ρ = 0.262, p = 0.019) exhibited weaker but still

significant associations. By contrast, traditional lexical met-

rics such as BLEU (ρ = 0.181, p = 0.108), CHRF (ρ = 0.112,

p = 0.322), and METEOR (ρ = 0.196, p = 0.082) failed to

reach statistical significance (p > 0.05), and showed only

weak correlations in this domain-specific context. These

results partially supported for Hypothesis 3 under the GNMT

condition, as semantic metrics correlated more strongly and

significantly with human evaluations than their lexical coun-

terparts.

A similar analysis was conducted for ChatGPT-4 out-

puts. Significant differences in correlation were also ob-

served between automatic metrics and human assessments

(refer to Figure 2 andAppendix A for details). Traditional

lexical metrics, including METEOR (ρ = 0.368, p < 0.001),

BLEU (ρ = 0.251, p = 0.025), and CHRF (ρ = 0.224, p

= 0.046), exhibited weak yet statistically significant posi-

tive correlations with human assessments. In contrast, the

performance of semantic metrics was unexpectedly poor.

COMET-QE even exhibited a non-significant negative cor-

relation with human assessments (ρ = −0.064, p = 0.570),

while BLEURT and BERTScore similarly failed to yield sig-

nificant results. Therefore, Hypothesis 3 was not supported

in the case of ChatGPT-4, as semantic metrics did not demon-

strate stronger or more consistent correlations with human

assessments than lexical metrics.

4.3.2. Discussion

Building on the Spearman correlation results presented

above, the following discussion examines the observed pat-

terns in relation to prior literature and the underlying prop-

erties of each metric. For GNMT, these findings, consistent

with Glushkova et al. [67], indicated that semantic metrics

better reflect human evaluative preferences. This limited

alignment for lexical metrics may be attributable to their re-

liance on surface-level n-gram overlap, which constrains

their ability to accommodate valid lexical and structural

variation—features especially salient in technical translation

tasks.

These results provided support for Hypothesis 3 within

the GNMT condition. While significant correlations were

observed between some semantic metrics and human assess-

ments, the correlation strength varied. Importantly, seman-

tic metrics tended to outperform lexical ones. The finding

echoes recent research, including WMT22 metrics shared

task from Freitag et al. [68] and the meta-review by Lee et

al. [69], which highlight the superior adaptability of neural

evaluation models in handling paraphrasing and syntactic

variation. While the observed correlations were not strong,

semantic metrics showed a more consistent alignment with

human preferences in evaluating technical manual transla-

tions, suggesting their relative suitability for GNMT tasks.

For ChatGPT-4, these findings contradicted the ex-

pected pattern posited in Hypothesis 3, which predicted

stronger correlations for pre-trained semantic metrics. The

results suggested that, in the context of technical manual

translation, existing semantic evaluation models may not

fully capture the quality dimensions emphasised by human

annotators in evaluating ChatGPT-generated outputs.

One possible explanation lies in the training data of

these metrics: models such as COMET and BLEURT are

typically trained on reference translations characterised by

structural uniformity and stylistic conservatism [18,21]. Com-

pared with NMT, ChatGPT outputs tend to exhibit greater

stylistic diversity and syntactic flexibility [3]. Moreover, the

specialised nature of technical manuals demands high preci-

sion and consistency, which may not be adequately captured

by semantic similarity models [20].

This interpretation aligns with recent findings.

Mukherjee and Shrivastava [59] noted that many modern

evaluation tools fail to accommodate the stylistic and struc-

tural characteristics of LLM outputs. Jiang et al. [50] also

observed weak automatic-human alignment in a multi-genre

evaluation of generative systems. However, Qian et al. [70],

in the context of the WMT22 shared task on quality esti-

mation, reported encouraging results. Pre-trained semantic

metrics such as COMET and TransQuest showed high cor-

relations with human assessments when applied to LLM-

generated translations. This may be attributed to their use of
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reference-based COMET models and the focus on general-

domain language, rather than technical or domain-specific

content.

In summary, this section explored how automatic met-

rics align with human assessments in translating Chinese

technical manuals. For GNMT, only semantic metrics

showed moderate or weak correlations, indicating that ex-

isting tools remain reasonably calibrated for NMT outputs,

while lexical metrics performed poorly. For ChatGPT-4,

only some lexical metrics showed modest or weak correla-

tions, whereas semantic metrics correlated poorly and non-

significantly with human judgements. These findings pro-

vided partial support for Hypothesis 3 and highlight the need

for domain-adaptive, LLM-based evaluation metrics.

5. Conclusions

This study conducted a quantitative comparison of

Chinese-English translations produced by GNMT and

ChatGPT-4, using a self-constructed corpus of 80 segments

drawn from technical manuals. Six commonly adopted au-

tomatic metrics—BLEU, METEOR, CHRF, BERTScore,

BLEURT, and COMET-QE—were applied as well as human

assessments based on a five-point Likert scale evaluating

accuracy, fluency, terminology, and style. The investigation

addressed three key dimensions: system-level translation dif-

ferences, inter-metric variation, and the degree of alignment

between automatic and human assessments.

The results revealed significant differences between

human and automatic evaluation. While human annota-

tors consistently rated ChatGPT-4 significantly higher than

GNMT, all six automatic metrics favoured GNMT. Statis-

tically significant variation was also observed among the

metrics themselves. Post hoc analysis showed that COMET-

QE’s comparisons with CHRF, METEOR, and BERTScore

were non-significant across both systems, likely due to its

broad score range after normalisation, which may have re-

duced statistical sensitivity. Correlation analyses yielded

divergent trends. For GNMT, COMET-QE showed a moder-

ate, statistically significant correlation with human scores (ρ

= 0.429, p < 0.001), while other semantic metrics produced

weaker associations. For ChatGPT-4, however, none of the

semantic metrics correlated significantly with human assess-

ments. Conversely, lexical metrics, especially METEOR (ρ

= 0.368, p < 0.001), exhibited moderate or weak alignment

with human assessments.

Divergent evaluations from human annotators and auto-

matic metrics underscore a misalignment between computa-

tional outputs and human judgement. This highlights funda-

mental shortcomings in current evaluation metrics, particu-

larly their limited capacity to capture the nuanced strengths of

LLM-generated translations in specialised domains such as

technical manuals. It may be beneficial for future evaluation

approaches to incorporate contextual semantic representa-

tions and consider LLM-generated content in training data,

particularly for specialised translation domains. Expanding

evaluation frameworks to incorporate stylistic features and

domain-specific terminologymay further enhance their sensi-

tivity and reliability in assessing LLM-generated translations.

Collectively, these findings provide constructive insight for

refining translation evaluation practices in line with ongoing

advances in machine translation technologies.

6. Limitations

This study is subject to several limitations. First, the

translation prompts employed for ChatGPT-4 were concise

and basic; future research could explore more sophisticated

prompt engineering techniques to potentially improve trans-

lation quality. Second, human assessment was conducted

by only two professional annotators. While a standardised

assessment rubric was employed to enhance scoring con-

sistency, some degree of subjective variability remains in-

evitable. Third, the study relied on a relatively small corpus

of technical manual texts. Future studies should consider

expanding both the scale and domain range of the dataset to

enhance the generalisability of the findings.
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Appendix A

Table A1. Spearman Correlations between Automatic Metrics and Human Scores.

Variable
BLEU

(Google)

BLEU

(GPT)

CHRF

(Google)

CHRF

(GPT)

METEOR

(Google)

METEOR

(GPT)

BERTScore

(Google)

BERTScore

(GPT)

BLEURT

(Google)

BLEURT

(GPT)

COMET

(Google)

COMET

(GPT)

Human

(Google)

Human

(GPT)

BLEU (Google) Spearman’s rho —

p-value —

BLEU (GPT) Spearman’s rho 0.700 *** —

p-value <0.001 —

CHRF (Google) Spearman’s rho 0.932 *** 0.707 *** —

p-value <0.001 <0.001 —

CHRF (GPT) Spearman’s rho 0.624 *** 0.911 *** 0.696 *** —

p-value <0.001 <0.001 <0.001 —

METEOR (Google) Spearman’s rho 0.906 *** 0.655 *** 0.907 *** 0.614 *** —

p-value <0.001 <0.001 <0.001 <0.001 —

METEOR (GPT) Spearman’s rho 0.526 *** 0.853 *** 0.561 *** 0.902 *** 0.562 *** —

p-value <0.001 <0.001 <0.001 <0.001 <0.001 —

BERTScore (Google) Spearman’s rho 0.796 *** 0.552 *** 0.782 *** 0.527 *** 0.771 *** 0.463 *** —

p-value <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 —

BERTScore (GPT) Spearman’s rho 0.601 *** 0.782 *** 0.626 *** 0.789 *** 0.608 *** 0.780 *** 0.715 *** —

p-value <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 —

BLEURT (Google) Spearman’s rho 0.708 *** 0.419 *** 0.676 *** 0.358 ** 0.674 *** 0.319 ** 0.810 *** 0.476 *** —

p-value <0.001 <0.001 <0.001 0.001 <0.001 0.004 <0.001 <0.001 —

BLEURT (GPT) Spearman’s rho 0.565 *** 0.669 *** 0.544 *** 0.608 *** 0.532 *** 0.613 *** 0.602 *** 0.739 *** 0.633 *** —

p-value <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 —

COMET (Google) Spearman’s rho −0.075 −0.061 −0.094 −0.047 0.014 0.042 0.045 0.143 0.020 0.119 —

p-value 0.509 0.591 0.409 0.679 0.899 0.712 0.695 0.207 0.858 0.295 —

COMET (GPT) Spearman’s rho −0.158 −0.095 −0.146 −0.064 −0.060 0.027 −0.039 0.070 −0.061 0.082 0.903 *** —

p-value 0.162 0.402 0.195 0.573 0.599 0.812 0.733 0.535 0.593 0.471 <0.001 —

Human (Google) Spearman’s rho 0.181 0.216 0.112 0.209 0.196 0.318 ** 0.233 * 0.342 ** 0.262 * 0.326 ** 0.429 *** 0.278 * —

p-value 0.108 0.054 0.322 0.063 0.082 0.004 0.037 0.002 0.019 0.003 <0.001 0.012 —

Human (GPT) Spearman’s rho 0.163 0.251 * 0.098 0.224 * 0.179 0.368 *** 0.094 0.205 0.074 0.173 0.057 -0.064 0.622 *** —

p-value 0.149 0.025 0.386 0.046 0.112 <0.001 0.409 0.068 0.514 0.125 0.613 0.570 <0.001 —

Note: * p < 0.05, ** p < 0.01, *** p < 0.001.
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