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Abstract. Idioms present a formidable challenge for machine transla-
tion (MT) due to their figurative, culture-specific, and linguistic com-
plexity. In this study, we compiled a corpus of 100 Chinese idioms from
the Dictionary of Chinese Idioms and conducted quantitative analyses of
nine state-of-the-art MT systems. Recognising the linguistic complexity
of idioms, we introduced AIE, a new evaluation metric for translations,
derived from its three assessment criteria: Accuracy, Intelligibility, and
Elegance. In this framework, we suggest assigning distinct weights to
its metrics, supported by empirical evidence. Additionally, we employed
automatic metrics ROUGE, BLEU, BLEURT, and METEOR, to assess
translation quality. Our analysis revealed that while BLEURT and BLEU
exhibited stronger correlations with human scores, the overall correlation
remained weak. Furthermore, recognising the significance of automatic
evaluation in natural language processing (NLP), we hypothesised that
combining existing automatic metrics could yield improved assessment
scores compared to individual metrics. To validate this hypothesis, we
computed average scores of automatic metrics, which demonstrated a
positive correlation with human scores, suggesting a promising alter-
native. Our findings indicate that GPT4 and GLM4 outperform other
state-of-the-art models even in translating less commonly used idioms.
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1 Introduction

Idioms, as a significant component of language, are a class of multiword expres-
sions (MWES) that can be found abundantly across different domains of natural
discourse [20,21,26]. Due to semantic opacity and cultural specificity, they have
become one of the most important problems in translation [22,32]. For different
languages embedded with similar cultures, literal translation may not pose a
huge challenge to the correct understanding. However, it will lead to ambiguity
or even utter incomprehension for languages of different families, like Chinese
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and English. For example, the literal meaning of “Cici Buxiu” (talk incessantly)
is ”stab without a break”. Therefore, while MWEs are crucial, the translation
of idioms from Chinese to English could be a significant reference for the quality
evaluation or estimation of an MT system [25].

Prior research has predominantly concentrated on strategies to improve id-
iom translation, including the implementation of substitution methods [26], the
development of large-scale dedicated datasets [7], and the introduction of re-
trieval augmentation and loss weighting techniques [18], among others. While
certain studies have introduced novel metrics for automatic evaluation [4, 28],
they neglected the importance of human evaluation as the primary metric in
MT throughout the Conferences on Machine Translation (WMT) [15]. What is
more, due to the rapid development of neural machine translation (NMT) and
large language models (LLMs), it is necessary to compare their performance in
the task of Chinese-English idiom translation.

In this study, we present a comprehensive analysis of the challenges associated
with automatic idiom translation and its evaluation. The research is articulated
around several key contributions. Firstly, we introduce a Chinese-English corpus
comprising 100 Chinese idioms sourced from the Dictionary of Chinese Idioms.
This compilation serves as a valuable resource for studying the translation and
interpretation of idiomatic expressions between Chinese and English. Secondly,
we compare the quality of six popular NMT systems, three Chinese and three
Western, with three LLMs for the task of Chinese-English idiom translation.
Thirdly, we propose the AIE metric, which is tailored for assessing the quality
of idiom translations from three essential criteria: accuracy, intelligibility, and
elegance. We suggest applying different weights to them when calculating the
overall translation quality, based on an optimisation model that validates the
effectiveness of this weighted approach. Fourthly, recognising the importance of
automatic evaluation in natural language processing (NLP), we propose a com-
posite approach to enhance the assessment of translation quality. This approach
combines multiple established metrics, including ROUGE, BLEU, BLEURT,
and METEOR, to form a more robust evaluation framework. Finally, to confirm
the validity of our proposed composite evaluation approach, we conduct a com-
parative analysis between human judgments and automated evaluation scores.
This comparison aims to determine which metric most closely aligns with human
perceptions of translation quality.

The rest of the paper is structured as follows. Section 2 surveys related work.
Section 3 presents the data and methodology used in this project. Section 4 re-
ports the evaluation results and offers a discussion of the results. Finally, Section
5 lists the conclusions of this study.

2 Related Work

The study of the machine translation of idioms has been a subject of study in
the last few decades. One of the main concerns in this field is to improve the
translation quality of idioms in many language pairs by implementing various
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methods, such as the two-step substitution method used by Salton et al. [26] for
English-Brazilian-Portuguese in statistical machine translation (SMT), the cre-
ation of a large-scale idiom translation data set by Fadaee et al. [7] for German
and English, and the techniques introduced by Liu et al. [18], including upweight-
ing training loss on idiomatic sentences and implementing retrieval-augmented
models for translating from French, Finnish, and Japanese to English. To facil-
itate the translation of Chinese idioms, Bai et al. [2] proposed a high-precision
algorithm for extracting translations of a given MWE from parallel corpora
based on scores of normalised correlation frequency and demonstrated that the
performance of the Moses MT system can be significantly improved for Chinese-
English translation. In addition, Qiang et al. [24] proposed CIP (Chinese Idiom
Paraphrasing), a novel infill-based approach based on text infilling to rephrase
idiomatic sentences to non-idiomatic ones while preserving the original meaning.

Evaluating the performance of machine translation (MT) systems is a signifi-
cant focus in MT research. Popular global evaluation metrics include BLEU [23],
METEOR [3], TER [29], ROUGE [17], and BLEURT [27], among others. Given
the unique figurative meanings of idioms, the metrics typically used for non-
idiomatic translation often fall short in accurately assessing their translations.
Shao et al. [28] introduced a blacklist method to identify the literal translation
errors in Chinese idiom translation, which is proved effective but requires man-
ually created word list (the blacklist) including words that should not exist in
the translation of the idiom. Inspired by the blacklist method, Baziotis [4] pro-
posed LitTER, a novel metric designed to quantify the literal translation error
rate made by a model. This approach automates the creation of the blacklist,
enhancing the evaluation process.

Due to drawbacks of the automatic evaluation and the ultimate goal of being
valuable to people in natural language generation (NLG), human evaluation is
considered the gold standard in a broad range of NLP tasks, such as question
answering and machine translation [6]. For example, in recent WMT, the results
of human evaluation have been used as the primary metric to correlate with the
results of the automatic metrics [5,8, 14, 15]. For human evaluation, adequacy
and fluency, or accuracy and intelligibility [1], have become standard dimensions
used widely [6]. While the former measures how much meaning from the source is
reproduced, the latter only focuses on the quality of the translated text without
taking the source into account. However, those metrics are usually used for the
translation of general domains, not fully suitable for special linguistic phenomena
like idioms. Due to the absence of human evaluation for idiom translation, we
propose the ATE metric as a gold standard to assess the quality of various NMT
systems and LLMs in this area. In addition, different global automatic evaluation
metrics are also involved for the correlation with the results of human evaluation.

3 Methodology

This section explains the source and structure of the dataset as well as the design
of AIE metric for the quality evaluation of idiom translation.
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3.1 Chinese-English Idiom Dataset

Our dataset used for evaluation consists of four parts: 100 Chinese idioms, 100
Chinese sentences made by each idiom, their standard human translations (HT),
and nine machine translations (MT) for each sentence. What we use to extract
Chinese idioms is Zhonghua Chengyu Dacidian (Dictionary of Chinese Idioms),
published by Commercial Press International Limited in 2019. As one of the
largest Chinese idiom dictionaries, it comprises over 49,000 idioms, with more
than 90% being four-character expressions and most of the rest including three
or five characters. To preserve the diversity of idioms, our dataset maintains a
similar ratio. It is important to highlight that certain Chinese expressions with
transparent meaning do not pose a challenge to MT and are therefore excluded
from our dataset. The Chinese sentence of each idiom and its corresponding
human translation are from the Chinese-English Parallel Corpus of Classic Chi-
nese Literary Works published by Shanghai Foreign Language Education Press®.

3.2 AIE Metric

There are various ways to run human evaluations. Our AIE metric is designed by
referring to several important principles proposed by Khashabi [13]: application-
motivated, reproducible, interpretable, scalar, and quantified uncertainty. First
of all, the metric is highly applicable for the idiom translation evaluation of any
language pairs. Given the two-layer meaning and the fixed form of idiom, the
quality of its transformation is assessed from both the function and form, i.e.,
the meaning and grammar. Accuracy, which assesses the extent to which the
original meaning of the idiom is preserved in the translation, and intelligibility,
which evaluates how well the figurative meaning of the idiom is comprehended in
the target language, are both critical metrics for assessing the semantic quality
of translations [1]. Meanwhile, elegance focuses on the grammatical and stylistic
propriety of the translation, examining how well the translated text conforms
to the grammatical rules and stylistic norms of the target language. Together,
these metrics provide a comprehensive framework for evaluating the quality of
idiom translations from both semantic and syntactic perspectives.

As for how to perform the human evaluation based on the metric, we adopt
the DA (Direct Assessment)+SQM (Scalar Quality Metrics) used by WMT2022
and WMT2023 [14,15]. DA facilitates the comparison of a new model to those
having been evaluated for studies in the future while SQM stabilises scores across
different annotators. Therefore, our evaluation produces an absolute scalar mea-
surement of different models on idiom translation. According to the meaning of
each sub-metric, each annotator measures the quality along a five-point Likert
scale: very poor, poor, okay, good, and very good (see Table 1).

3 https://we.sflep.com/cepc/Search /SimpleSearch.aspx
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Table 1. Human Assessment Metrics

Metric Label Description
. fail to preserve either literal or figurative
1 - inaccurate .
meaning
manage to preserve part of the literal
2 - poor . .
meaning but not all of it
he 1i 1 i 11 fail fi
Accuracy 3-moderate preser\{e the 1t§ra meaning well but fail for
figurative meaning
4-good manage to preserve part of the figurative
meaning but not all
5-high perfectly preserve the figurative meaning
. . isleadi hopel
|-unintelligible misleading or opeless to u.nderstand
the correct figurative meaning
9 little possible to understand a little through
guessing but not sure if it is correct
e et ere possible to understand much through
Intelligibility 3-much considerable deduction
understandable in the context without much
4-most .
effort not native or natural
perfectly clear and natural like native text
5-all .
without any effort
1-incomprehensible|major mistakes that breaks grammatical rules
9-disfluent in.consistent application of grammatical rules
with minor mistakes
Elegance 3 correct generally correct but not natural or native
in style
4-good generally .ﬂl.Jent and natural without using
a correct idiom
5-elegant perfectly elegant by using a correct idiom

4 Results and Discussion

This section outlines the benchmarks used for Chinese idiom translation and

presents the results from both human and automatic evaluation. Our analysis
utilised nine distinct models, including six NMT systems and three LLMs. The
three internationally recognized NMT systems are Google Translator (MT1)
[31], DeepL. Translator (MT2)4, and Microsoft Translator (MT3) [12]. For the
LLMs, we employed GPT-4 (MT4) [11] by OpenAl, Llama2 (MT5) [30] by Meta,
and GLM4 (MT6) [10] by Tsinghua University in China. The three Chinese-
developed NMT systems are NiuTrans (MT7)°, which ranked first in WMT2020
for the Chinese-English language pair [19], VolcTrans (MT8)%, which held a
similar position in WMT2021 [8], and Baidu Translate (MT9) [9], known for its
widespread use in China.

4 https://www.deepl.com/translator

® https://niutrans.com/
5 https://translate.volcengine.com/
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4.1 Human Evaluation

We conducted human evaluations using two annotators who assessed 180 trans-
lations (20 for each model) and three annotators who evaluated half of them (10
for each model). Additionally, all 900 translations were reviewed by one anno-
tator. All three annotators are native Chinese speakers fluent in English, with
professional background in linguistics and translation between Chinese and En-
glish. Based on the scores (see Figure 1), we can classify the models into three
categories: top, moderate, and low-performing models.

Human Evaluadon Scores
Auccuracy Intelligibility Elegance Hverage
0.5 —
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Fig. 1. Human Evaluation Scores for all MT systems.

— Top Performance: MT6 or GLM4 (accuracy = 0.80, intelligibility = 0.78,
elegance = 0.71), and MT4 or GPT4 (accuracy = 0.79, intelligibility = 0.77,
elegance = 0.73) rank highest overall, with relatively high average human
evaluation scores for accuracy, intelligibility, and elegance. Both achieve an
overall average score of 0.76, notably higher than all other models. MT1 or
Google Translator (accuracy = 0.69, intelligibility = 0.67, elegance = 0.76),
despite its moderate score for still performs well overall due to its high scores
for elegance and ranks third.

— Moderate Performance: MT9 or Baidu (accuracy = 0.64, intelligibility
= 0.61, elegance = 0.71), MT7 or NiuTrans (accuracy = 0.62, intelligibility
= 0.58, elegance = 0.71), and MT8 or Volcano Translator (accuracy = 0.61,
intelligibility = 0.57, elegance = 0.70), are moderate performers due to their
relatively low score for accuracy and intelligibility. However, these Chinese
translation systems demonstrate strength in generating elegant translations,
as indicated by their high elegance score.

— Low Performance: MT3 or Microsoft Translator (accuracy = 0.52, intel-
ligibility = 0.46, elegance = 0.68), MT5 or Llama2 (accuracy = 0.45, intel-
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ligibility = 0.44, elegance = 0.70), and MT2 or DeepL (accuracy = 0.51,
intelligibility = 0.45, elegance = 0.59), rank lower due to their low score for
accuracy and intelligibility. However, the LLM Llama2 obtains a compara-
tively high score for elegance suggesting that the model manages to maintain
the figurative meaning of idioms and produce translations with a certain level
of elegance.

Optimisation Model In our evaluation framework employing the ATE method-
ology, we advocate for the allocation of different weights to its three metrics
to determine the final score. Utilising an optimisation model, we present com-
pelling empirical evidence supporting the necessity for distinct weightings for
each metric. To validate this hypothesis, we utilised a statistical tool to iden-
tify the optimal weight assignments for each metric within the AIE framework.
Our approach unfolds in several steps. Initially, we identified the top-performing
models, namely Google Translator, GLM4, and GPT4, through human evalua-
tion. The translations generated by these models were subsequently rated by a
single annotator, who provided a scalar score ranging between 0 and 1. Follow-
ing this, we constructed a dataset to establish the correspondence between AIE
scores and the scalar scores provided by the annotator. Through this analysis, we
determined the optimal weights for each ATE metric: 0.3832 for accuracy, 0.2950
for intelligibility, and 0.3217 for elegance. These results suggest that accuracy
holds the greatest weight in scoring idiom translations, followed by elegance and
then intelligibility. However, it’s important to acknowledge that, due to the lim-
ited size of our dataset, these weights may not be definitive. Nevertheless, our
findings underscore the varying importance of each metric and emphasise the
necessity of considering weighted scores for idiom translations.

4.2 Krippendorff’s Alpha

To assess the reliability and consistency of the human assessment, we employed
Krippendorft’s Alpha [16] (ay), a metric that measures the level of agreement
or disagreement between the multiple annotators. We performed (ay) compu-
tation at two levels (see Table 2): firstly, between pairs of annotators (a7) who
assessed a subset of 180 translations (20 for each MT system), secondly, be-
tween three annotators («j) who assessed a subset of 90 translations (10 for
each MT system). The inter-rater agreement was computed for all three assess-
ment metrics: accuracy, intelligibility, and elegance, at both levels. Based on
Krippendorft’s Alpha ai scores (see Table 2), it becomes evident that there is
a consistent trend of high agreement regarding intelligibility across all systems.
Furthermore, for accuracy, MT1, MT2, and MT3 stand out as they exhibit high
levels of agreement among annotators. The high agreement on accuracy implies
that annotators have a shared perception of the quality of translations produced
by these systems, particularly in terms of idiomatic expressions. When analysing
the agreement levels among annotators specifically for elegance across different
MT systems, we observe a notable pattern. For MT1, MT4, MT6, MT7, and
MTS, there emerges a moderate level of agreement among annotators.
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Comparing ai and ag: When we compare both scenarios, in the case of
three annotators evaluating 90 translations, there are few instances with a lower
Alpha value as compared to two annotators. An increase when moving from
two annotators evaluating 180 translations az to three annotators evaluating
90 translations a3, is observed. This indicates that the judgments provided by
the additional annotator are more consistent or aligned with the judgments of
the other annotators, resulting in increased overall agreement. This is because
Krippendorfl’s Alpha takes into account both the number of evaluators and the
number of samples being evaluated. With three annotators, there is a better
chance of identifying and mitigating individual biases or inconsistencies in the
evaluation process, thereby increasing the reliability of the assessments.

Table 2. Krippendorff’s Alpha scores for inter-annotator agreement. a; denotes agree-
ment between two annotators who assessed a subset of 180 translations (20 for each
MT). o} denotes agreement between three annotators who assessed a subset of 90
translations (10 for each MT).

2
. ol | ok |

‘ ‘ Accuracy ‘ Intelligibility ‘ Elegance ‘ Accuracy ‘ Intelligibility ‘ Elegance ‘

|IMT1/0.815  |0.895 |0.066  [0.850  |0.852 j0.402 |
|MT2(0.305 0.869 0.101  [0.793  |0.755 0281 |
|MT3|0.446 |0.493 -0.029  |0.627  |0.736 j0.161 |
|MT4/0.292 0.163 0.505  [0.561 0.860 0.605 |
|MT5|0.339 |0.890 |0.664  |0.575 |0.815 0271 |
|MT6|0.020 |0.462 0.509  ]0.447 |0.849 0530 |
|MT7|0.267 |0.817 0314 |0.666  [0.906 0450 |
|MT8|0.538 0.628 0717 ]0.598 |0.950 |0.653 |
|MT9|0.026 |0.352 -0.060  |0.793  |0.654 j0.128 |

4.3 Automatic Evaluation

We employed a suite of benchmark automatic evaluation metrics—ROUGE,
BLEU, BLEURT, and METEOR—to assess the MT systems, specifically fo-
cusing on their ability to accurately translate idioms. We calculated the average
scores for 100 idiom translations produced by each system (see Table 3). These
metrics gauged the alignment between machine-generated and reference transla-
tions. By averaging all scores, we explored whether combining these metrics could
effectively assess idiom translation quality in scenarios without human evalua-
tors. This multi-metric approach aims to provide a comprehensive assessment
of translation quality, covering fluency, accuracy, grammaticality, and adequacy.
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Based on our findings, we categorized the models into three performance tiers:
top, moderate, and low.

Table 3. Automatic evaluation scores. The ’Average’ denotes the composite score
obtained by aggregating the scores for all metrics.

\ |R1-F1|R2-F1|/RL-F1/BLEU|BLEURT|METEOR|Average|
|IMT1|0.314 | 0.105 | 0.285 | 0.192 | -0.475 | 0.330 | 0.1252 |
|MT2| 0.263 | 0.081 | 0.236 | 0.198 | -0.557 | 0.310 | 0.0885 |
|MT3] 0.289 | 0.092 | 0.260 | 0.199 | -0.577 | 0.290 | 0.0922 |
|MT4| 0.300 | 0.100 | 0.268 | 0.185 | -0.444 | 0.332 | 0.1235 |
|MT5]| 0.257 | 0.075 | 0.234 | 0.187 | -0.613 | 0.276 | 0.0693 |
|MT6| 0.309 | 0.107 | 0.285 | 0.181 | -0.431 | 0.340 | 0.1318 |

|

|

|

IMT7| 0.304 | 0.111 | 0.277 | 0.200 | -0.505 0.326 | 0.1188 |
|MT8| 0.295 | 0.097 | 0.266 | 0.205 | -0.539 0.307 | 0.1052 |
IMT9| 0.302 | 0.102 | 0.269 | 0.195 | -0.506 0.326 | 0.1313 |

— Top Performance: MT6 or GLM4 ranks first with the highest average
score of 0.1318 followed by MT9 or Baidu (0.1313), MT1 or Google Transla-
tor (0.1252), and MT4 or GPT4 (0.1235). These systems achieve moderate-
level performance in terms of unigram overlap (as indicated by the R1-F1
score), good fluency (as indicated by the RL-F1 score), a high adequacy
and word-order accuracy (as indicated by the METEOR score). However,
there are areas for improvement, particularly in capturing bigram overlaps
(as indicated by the R2-F1), overall precision and recall (as indicated by the
BLEU score), and perceived quality compared to the reference (as indicated
by the BLEURT score).

— Moderate Performance: MT7 or NiuTrans ranks fifth with an average
score of 0.1188 followed by MT8 or Volcano Translator (0.1052). These sys-
tems achieve moderate-level performance in terms of unigram overlap (as
indicated by the R1-F1 score), good fluency (as indicated by the RL-F1
score), moderate adequacy and word-order accuracy (as indicated by the
METEOR score). Moreover, MT8 achieves the highest BLEU score (0.205)
while MT7 achieves the second highest BLEU score (0.200). Again, there are
notable weaknesses in capturing bigram overlaps, overall precision and recall,
and perceived quality (as indicated by the R2-F1 and BLEURT scores).

— Low Performance: MT3 or Microsoft Translator, MT2 or DeepL,, and MT5
or Llama2, are amongst the low-performers with the lowest average scores
(0.0922, 0.0885, and 0.0693, respectively) These models achieve the lowest
R2 F1 and BLEURT scores.
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4.4 Automatic vs Human Evaluation

To determine which models perform best in terms of idiom translation, we con-
ducted a comparison between human evaluation scores and automatic evaluation
results. Our analysis reveals that GPT4 and GLM4 emerge as top performers, as
both human evaluators and automatic evaluation techniques consistently clas-
sify these models in that category. Conversely, Deepl,, Microsoft Translator,
and Llama2 are consistently rated as low-performing models by both assess-
ment methods. The superior performance of GPT4 and GLM4 can be further
elucidated through examples from our dataset (refer to Figures 2 and 3).

Idiom [Examples HT Google Deepl Microsoft GPT4 Llama2 GLM4 Niu Vole | Baidu
Director Liwas |y tor Li [Director Li Mr. Li embraced [Director Li Director Li Director Li Director Li
moved. Hetook [ -o7 % = L go |Director Li hugged |Divector Li hugged.[her. fecling eanbraced her and [ % sand her hugged her and
her in bis arms. [ 2% ggec her. her. didn't feela |her. feeling moved. [somewhat couldn't help but naged her, gged her. couldn't help but
b o |felt alittle Inot feel some . |fecling alitte  |feeling a ltle
Mywhole lfe I [ = & o e, hi [itle cmotional. and [and said that hs ife |emotional, saying | feel moved. He said [ = 8% F | *¢ B8 T el a itle
L E RS feel like I have R o0 | said. his life is like {has been like that his life was like  [that his life had. R - emotional. He
said that his life  [lfe. is like said that his lfe  [said. his lie is
een walking on [0 0t | ot |'alking on thin ce, [walking on thin ice, |walking on thin e |been like walking on [ %% 8\ EHE TS aid that his life
h—t o thin ice and now g | waldng like a life on the  [like standing at the |and standing at the | thin ice. like e g was like walking

on thin ice and  {thin ice. like a life
edge of the abyss. |edge of a precipice. |edge of a deep standing on the edge oL PR L the abyss, on thin ice and

on thinice or  ice, such as the

I'm at the edge of | N
an abyss.t facing an abyss. [life of the abyss. by, ot sbyes

facing an abyss.

annotator 1 1 1 1 1 1 1 1 1 1
H annotator 2 1 1 1 1 1 1 1 1 1
man ‘annotator 3 1 1 1 1 1 1 1 1 1
average 1 1 1 1 1 1 1 1 1
[ Automatig average 0.257463277 0.152927321 0.21854042 0.235451137 0.286622195 0.325431268 0.242365421 0.188734099 0.265118998
Fig. 2. Example 1: Frequently used Chinese idiom.
Idiom [Examples HT Google Deepl Microsoft GPT4 Llama2 GLM4 | Niu Vol Baidu
The th f  The th f
The three of e e o e e © The three of  |The three of  |The three of
|them were The three of them chatted The three of
The three women|them chattered L The three of them chatted them were them chattered
talkingina [them chattered endlessly. them chatted
R ES chattered onat  |incessantly and them chattered > . intermittently | whispering, intermittently.
mishmash of  |and stabbed stabbing each  [incessanly.
great length. stabbed cach . incessantly. 2 N and stabbed prickling picrcing
£ ® words, stabbing [endlessly. other with their ~|chattering away. N ®
other endlessly. endlessly. endlessly. incessantly.
and stabbing. words.
annotator 1 0.416666667 0.416666667 0.416666667 0.916666667 0.416666667 0.916666667 0.25 0.25 0.25
annotator 2 0.25 0.25 0.25 0.75 0.25 0.75 0.25 0.25 0.25
Human
annotator 3 0.25 0.25 0.25 0.916666667 0.25 0.916666667 0.25 0.25 0.25
average 0.305555556 0.305555556 0.305555556 0.861111111 0.305555556 0.861111111 0.25 0.25 0.25
| Automatic average 0.079349 -0.001959393  |0.086362889 0.195370716 0.049253986 0.114159446 0.043857049 0.012420153 0.156651235

Fig. 3. Example 2: Less frequently used Chinese idiom.

In Example 1, which features a frequently used idiom, all models demonstrate
an ability to accurately capture its figurative meaning. However, Example 2
presents a less commonly used idiom, where most models struggle to produce
fluent and correct translations. Here, the exemplary performance of GPT4 and
GLM4 can be distinguished as both consistently deliver accurate and eloquent
translations, highlighting their high-quality output even in challenging scenarios.
This comprehensive analysis highlights the effectiveness of GPT4 and GLM4 in
handling idiomatic expressions, affirming their status as top contenders in the
field of machine translation for idioms.
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4.5 Pearson Correlation

To gauge how well automatic evaluation metrics correspond with human as-
sessments, Pearson correlation, 7, was computed between human and automatic
evaluation scores, using average human evaluation scores for accuracy, intelligi-
bility, and elegance.

For most MT systems, a disagreement between human and automatic eval-
uations is observed, indicating potential limitations or biases in the automatic
evaluation metrics. This suggests that the automatic evaluation metrics may
not fully capture all aspects of translation quality as perceived by humans, high-
lighting the need for further refinement and development of evaluation methods.
Some correlations (see Table 4) are statistically significant (p < 0.05), indicat-
ing a meaningful relationship between the MT system’s performance and the
automatic evaluation metrics. From the correlation coefficients, we can deduce
valuable insights regarding the relationship between automatic evaluation met-
rics and human evaluation scores across all MT systems for idiom translations.
Specifically, both BLEU and BLEURT exhibit positive correlations with human
evaluation scores, suggesting that these metrics provide reliable indications of
translation quality. However, it’s crucial to note that several correlations, includ-
ing R1-F1, R2-F1, RL-F1, and METEOR, do not reach statistical significance
(p > 0.05). This lack of significance implies that the observed relationships may
be attributed to random chance rather than a true association.

Since we cannot rely solely on any single automatic metric system, we sought
to explore the potential of combining these metrics, considering their varied
strengths. Upon computing the correlation with the average scores of all met-
rics, we observed a moderately positive correlation. This finding suggests that
an aggregate of these metrics could offer a more comprehensive assessment of
translation quality. Hence, in scenarios where human evaluators are unavailable
and there is a need for automatic evaluation of a translation system involving id-
ioms, utilising the average of these metrics could serve as a viable alternative for
gauging the efficacy of the system. This approach leverages the diverse perspec-
tives provided by multiple metrics, contributing to a more holistic evaluation of
idiom translation quality.

5 Conclusion

Our study conducted a quantitative analysis of nine state-of-the-art MT systems
and LLMs. The aim was to evaluate both the performance of MT systems and
the ability of automatic metrics to gauge the idiom translation. From our ex-
periments and results, several key conclusions can be drawn. GLM4 and GPT4
emerged as top performers in capturing the figurative meaning of Chinese idioms:
these models achieved the highest scores in both human and automatic assess-
ments. On the other hand, DeepL, Microsoft, and Llama2 ranked the lowest and
exhibited a need for significant improvement in capturing the implied meaning.
Our AIE evaluation metric suggests assigning distinct weights to its metrics, sup-
ported by empirical evidence. Among the automatic evaluation metrics, BLEU
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Table 4. Pearson correlation (r) with Average of Human Evaluation Scores

\ |R1-F1|R2-F1|RL-F1/BLEU|BLEURTMETEOR|AVERAGE]|

lpppy! * 10025 [ 0061 [0.049 [0.229] 0.261 | 0182 | 0.197 |
\ |p-value| 08 | 05 | 06 [ 00 | 00 | 01 | 00 |
lprpol [ 0038 [-0.005] 0.053 [0.266 | 0.320 | 0.063 | 0.222 |
\ lp-value| 0.7 | 09 | 06 [ 00 | 00 | 05 | 00 |
Iprsl ¢ [ 014910035 | 0128 [ 0155 | 0.287 | 0116 | 0.230 |
\ lp-value| 0.1 | 07 | 02 | 01 | 00 | 03 | 0.0 |
Ipipal  * [ 0141]0114] 0181 [0.281] 0174 | 0195 | 0.219 |
\ lp-value| 02 | 03 | 01 | 00 | 01 | 01 | 0.0 |
Iprsl ¢ 10176 [ 0198 | 0194 [ 0.042 | 0.316 | 0176 | 0.262 |
\ lp-value| 0.1 | 01 | 01 | 07 | 00 | 01 | 0.0 |
Ipvrel T 101240099 [ 0109 [0.233] 0.225 | 0.209 | 0.224 |
\ lp-value| 02 | 03 | 03 [ 00 | 00 | 00 | 00 |
lpepel [ 0040 [ 0.027 [-0.017[0.205] 0.309 | 054 | 0.202 |
\ lp-value| 0.7 | 08 | 09 [ 00 | 00 | 01 | 00 |
sl ¢ [0-281]0.120 | 0198 [ 0173 | 0.415 | 0.240 | 0.349 |
\ |[p-value| 0.0 | 02 | 01 | 01 | 00 | 00 | 00 |
ImTol T [0-299]0.291|0.293 | 0.099 | 0.368 | 0.351 | 0.395 |
\ |p-value| 0.0 | 0.0 | 00 | 03 | 00 | 00 | 0.0 |

and BLEURT demonstrated moderate correlation with human scores, suggest-
ing their utility in assessing the quality of MT systems. However, it is important
to note that no single automatic evaluation metric provided a comprehensive
assessment of the translations. Therefore, relying on a combination of all scores
could offer a more holistic evaluation of MT systems.
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