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The present study presents a comparative analysis of the translation processes and outcomes of human translators, Neural Machine Translation (NMT) systems
and Large Language Models (LLMs) focusing on the translation of Metaphor-related Words (MRW). The study employs various research methodologies,
including product analysis, think-aloud protocols, subsequent interviews, and translation quality assessments to uncover the choice of strategies in translating
MRWs by different subject groups as well as its relation with quality criterion. Human translators and LLMs tend to favour strategies such as metaphor into
different metaphor (M-M2) and metaphor reduction (M—>Non), while NMT systems prefer the reproduction of metaphors (M—M). LLMs demonstrate translation
patterns which are more aligned with human translators, helping them achieve higher evaluation scores, though their performance remains inconsistent,
particularly with novel metaphors. Additionally, human translators process metaphors by incorporating conceptual, cultural, and contextual factors, whereas
LLMs tend to rely on paraphrastic approaches. Evaluation results indicate that LLMs exhibit proficiency on par with novice translators in terms of accuracy,
idiomatic expression, and vividness in metaphor translation, while NMT systems fall slightly short. The study highlights the influence of translation strategies on
the quality of metaphor translation and concludes that, while NM T systems and LLMs can achieve performance comparable to human translators, much larger
metaphor-specific datasets supported studies are expected to validate its consistency.
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1. INTRODUCTION

Metaphor, as a psychological and cognitive phenomenon
instead of a pure linguistic figure of speech, is the process and
product of cross-domain mapping within linguistics. As Schaffn-
er (2004) indicates, ‘metaphors are not just decorative elements,
but rather, basic resources for thought processes in human society,’
and the ‘analysis of texts with respect to metaphors and metaphor-
ical reasoning processes in different languages can, thus, reveal

cense, and indicate if changes were made.
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possible cultural differences in conceptual structures’ (Schaffner,
2004, p. 1258-1267). How to better utilise these ‘basic re-
sources’ can be a focus for both human translators and machine
translation systems in developing their translation potential.
Metaphor translation, accordingly, involves complicated pro-
cesses, such as re-conceptualisation and re-mapping, to produce
authentic and idiomatic target texts, taking culture-specific ele-
ments into account (Massey & Ehrensberger-Dow, 2017).
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Cognitive approaches to Translation Studies (TS) have a
rich literature in reference, but the mechanism of conceptual
metaphor working with TS has only emerged in recent years,
relatively intermittently and insufficiently compared to meta-
phor research in a multifaceted way in cognitive linguistic-dis-
course studies and corpus linguistic studies (Demjén & Semino,
2016; Tendahl & Gibbs, 2008). Particularly focused on by re-
searchers in TS is the investigation into the cognitive effort re-
quired in processing metaphors, which utilises varied experi-
mental methods, including keylogging and eye-tracking
(Jankowiak & Lehka-Paul, 2022; Massey & Ehrensberger-Dow,
2017; Sjerup, 2013). Optimally, the outcome of any found-out
cognitive factors active within the process of TS are of great im-
plicature for machine translation systems to better simulate hu-
man translation behaviour. While machine translation of meta-
phor is regarded as a downstream task of cognitive processing of
metaphor and receives limited attention (Tong et al,, 2021), the
investigation of metaphor has become inevitable in NLP due to
its ubiquitous presence in discourse (Steen et al., 2010). Despite
research efforts to identify and extract the salient features of
metaphorical expressions within natural language (Jang et al,,
2016; Stowe et al,, 2021), there is a paucity of literature specific-
ally addressing the contribution of these features when working
with machine translation. Mao et al. (2018) developed an unsu-
pervised model to identify and paraphrase metaphors into plain
texts and use them as input for machine translation systems.
Even though the study suggests improved translation quality via
human evaluation, metaphor is treated as an exception necessit-
ating pre-processing before effective integration into machine
translation systems.

The advent of large language models (LLMs) such as GPT-4
and LLaMA has prompted increased interest in investigating
their capacity for metaphor processing, as a body of scholarly lit-
erature indicates that these models possess a certain level of
metaphorical understanding (Aghazadeh et al,, 2022; Ichien et
al,, 2023; Wachowiak & Gromann, 2023), given their demon-
strated proficiency in metaphor detection, paraphrasing, and in-
terpretation. However, it is also noted that these language mod-
els, which gain information through machine learning, operate
‘in a way that is strangely different from how we commonly under-
stand human intelligence, and their statistical structure makes
the output ‘difficult to explain’ (Dove & Fayard, 2020). Lin
(2023) even criticises that ‘the technology has become increas-
ingly removed from the substance of language,” as exemplified by
the fact that these machines process ‘informational’ text more
efficiently than ‘expressive’ text. Cai et al. (2024) subjected
ChatGPT to 12 experiments to prove whether it can develop
human-like characteristics in language use. Though these exper-
iments prove that ChatGPT is capable of imitating human lan-
guage processing, its internal mechanism remains a black box.

Existing research suggests that encoded knowledge within
language models aids in metaphor processing beyond contextual
information (Aghazadeh et al., 2022; Wachowiak & Gromann,
2023). Nevertheless, Neidlein et al. (2020) propose that this
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capability primarily stems from ‘optimising the disambiguation of
conventionalised, metaphoric word senses for specific words in-
stead of modelling general properties of metaphors’ (Neidlein et al.,
2020, p. 3722). According to this perspective, the capability of
language models in metaphor processing is a by-product based
on their deep understanding of the semantic meanings of words.
Under the ongoing transition from machine translation to LLMs,
metaphor becomes a crucial tool to explore whether these mod-
els can truly process the implicit meaning of language; little re-
search has been done on the comparison between human trans-
lators and language models on the metaphor translation task
from a cognitive perspective. Much beyond, the use of metaphor
is highly hypothesised to be varied by the nature that the em-
bodiment of metaphor embraces cognitive flexibility and cultur-
al diversity (Littlemore, 2019), accordingly, translation process
of metaphor as well as product could be more or less unstable or
inconsistent despite this study is devoted to search for the pat-
terns and traits among human translators, neural machine trans-
lation (NMT) systems, and large language models (LLMs). With
combined methods of product analysis with translation quality
assessment and process-oriented approach such as think-aloud
protocols, human translators’ cognitive process when translate
metaphor are revealed and the contrasts between human trans-
lators and Al systems are straightened out.

2. THEORETICAL BACKGROUND

2.1. Metaphor translation at linguistic, cultural and cog-
nitive levels

Metaphor, since it was first proposed by Lakoff and John-
son (1980) with an extended connotation, can be considered as
not only an isolated figurative expression but a process of cross-
domain mapping between two distinct concepts, which creates
metaphorical expressions to convey abstract concepts in the tar-
get domain (Massey, 2021; Thibodeau et al,, 2019). Metaphor
translation, as ‘the most important particular problem,” is tortuous
for its challenge to a translator ‘at least doubled — if not squared —
when two languages come into play’ (Rojo, 2015, p. 721).

In traditional perspectives, metaphor translation studies
have been centrally concerned with firstly, the translatability of
metaphors, and secondly, the elaboration of potential translation
procedures’ (Schaffner, 2004, p. 1253). The viewpoints on the
translatability of metaphors are divergent: some scholars posit
that any attempt to translate a metaphor results in a new meta-
phor in the target language (Dagut, 1987; Nida, 1964; Vinay &
Darbelnet, 1995); others support the full translatability of meta-
phor (Kloepfer, 1981; Mason, 1982). As proposed by Kloepfer
(1981), metaphor translation does not present a challenge to the
translator since humans share the same imaginary. However,
some scholars also consider that metaphors are quasi-translat-
able, ie. they are translatable under some constraints (New-
mark, 1981; Snell-Hornby, 1988; Toury, 1985; Toury, 2012;
van den Broeck, 1981). Cultural disparities are poised as a focus
for researchers to determine if a metaphor is translatable. Mason
(1982) aligns with this notion, acknowledging that cultural
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disparities can render some metaphors amenable to direct trans-
lation while necessitating alternative strategies for others. Based
on these viewpoints, a set of common metaphor translation pro-
cedures is established by various scholars (Newmark, 1981;
Toury, 2012; van den Broeck, 1981). For instance, Toury
(2012) concludes six metaphor translation strategies from both
the source and target poles, viz. metaphor into the same meta-
phor (M—M), metaphor into a different metaphor (M—M2),
metaphor into non-metaphor (M—Non), metaphor into nothing
(M-0), non-metaphor into a metaphor (Non—M), nothing into
a metaphor (@-M). Toury’s (2012) methodology liberates
metaphor translation studies from the singular focus on the
source text. By integrating both the source and target texts into
a unified framework; it enriches the research on metaphor trans-
lation. The vast majority of research findings have elevated
metaphor translation beyond its conventional linguistic realm.

Even though the perspectives on metaphor translation
have expanded from a linguistic to a cultural level, these non-
cognitive approaches are not able to unveil a deeper layer of
metaphor translation, ie, cross-domain mapping. Numerous
studies thus incorporate human cognition as a pivotal element in
investigating metaphor translation, thereby bridging the gap
between linguistics and cognitive processing. Shuttleworth
(2011) analyses 1354 metaphor examples and their officially
published translations in five different languages, scrutinising
the levels of both individual metaphorical expression and meta-
phorical mapping, which reveals that while explicit renderings
exist at the linguistic level, the metaphorical mappings tend to
be preserved. Notwithstanding that many scholars try to unveil
the mapping mechanism through corpus-based approaches and
comparison analyses (Schéffner, 2004), the cognitive process in
metaphor translation is still hard to trace back through these
product-oriented approaches. Experimental approaches, includ-
ing keylogging and eye-tracking, are thus adapted in metaphor
translation research. Massey and Ehrensberger-Dow (2017), for
instance, analyse translation processes and output data from tar-
get-text products, keystroke logs, and retrospective verbal com-
mentaries The findings suggest that when human translators ap-
proached the translation of two complex conceptual metaphors
from German to English, complex metaphors may possess a de-
gree of cultural specificity and indicate that the practices of re-
mapping in translation are influenced by the experience of the
translator. Additionally, the results demonstrate that re-mapping
to a source-language target domain may generate more uncer-
tainty compared to generic-level re-mapping. By combining pro-
cess-oriented and product-oriented research methods, these
studies reveal metaphor translation mechanisms from a deeper
perspective, including cognitive effort and translation decision-
making.

It is true that metaphors often carry strong cultural and
contextual connotations with its understanding, transferring,
and producing in translation which requires cognitive efforts to
capture the nuances of accurate information. This poses a chal-
lenge not only for human translators but also remains as a
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primary task for the progress of machine translation. Koglin
(2015) investigates the cognitive demand on translators in the
post-editing of machine-translated metaphors compared to that
in manual metaphor translation, with eye tracking and key-
stroke logging as measurement tools, and the research reveals
that manual metaphor translation requires higher cognitive ef-
fort. Koglin and Cunha (2019) continue to develop the topic of
‘cognitive effort’ in post-editing metaphors translated by two dif-
ferent machine translation systems, elucidating that the outputs
from the hybrid machine translation system consume higher
cognitive effort in the post-editing task than those from the stat-
istical machine translation system. Even though it cannot be ex-
cluded that other factors, such as the loss of contextual informa-
tion stemming from low-quality MT outputs, may influence the
consumption of cognitive effort, the two experiments propose a
creative methodology grounded in cognitive effort for detecting
metaphor translation quality.

Different from the aforementioned studies that focus
mainly on post-editing translation, Massey (2021) expanded
upon their previous study by conducting a comparison between
human translators and NMT systems in their handling of two
complex culturally specific conceptual metaphors during the
translation process. This comparison illustrates that what distin-
guishes experienced translators from publicly available NMT
systems is their ability to access the conceptual level of meaning
realised in a particular lexical form, and then to generate mul-
tiple potential target-text solutions to reach a given target audi-
ence. Additionally, the decision-making and problem-solving of
human translators occur on a conceptual level, regardless of
their training and experience levels. Although the study contrib-
utes significantly to metaphor translation and machine transla-
tion, the data analysed in this study are not specifically for re-
searching conceptual metaphor, which may pose challenges in
the interpretation of the results.

The previous research reveals the complexity of metaphor
translation, which entails languages, cultures, cognitive pro-
cesses, and other factors. Nevertheless, the focal point predomin-
antly centres around the comparisons between source and tar-
get translations while the investigation of translators and their
translating processes remains rare.

2.2. Metaphor translation at computational level: from
NMT to LLMs

In the realm of linguistic computational models, the capabil-
ities of NMT and LLMs in facilitating translation tasks have been
substantiated through empirical researches. Junczys-Dowmunt
et al. (2016) have elucidated the efficacy of NMT, positing that
its proficiency in terms of words-per-second ratios renders it a
viable option for deployment within in-production systems.
Subsequently, Kocmi and Federmann (2023) have explored the
utility of pre-trained, generative LLMs in the evaluation of
translation quality, thereby offering preliminary insights into
their potential applications in ensuring the fidelity of transla-
tions. Metaphor translation, when performed by language
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models, involves the intersection of metaphor identification and
metaphor interpretation, both of which are sub-tasks within the
field of computational metaphor processing.

Metaphor identification aims to detect if a given text by dif-
ferent semantic units, e.g, words, phrases, and sentences, is la-
belled as being used metaphorically or literally, which is often
considered a binary classification task in a considerable number
of studies. Do Dinh and Gurevych (2016) present a neural net-
work to detect metaphor in conjunction with pre-trained word
embeddings from a token level, achieving positive results. The
metaphor identification task is also adopted by LLMs in order to
test their performance in different downstream tasks. Wachow-
iak and Gromann (2023) investigate the ability of GPT-3 to de-
tect conceptual metaphors and predict their source domains,
yielding an accuracy of 60.22% in the prediction task. Tong et al.
(2024) released a dataset called the Metaphor Understanding
Challenge Dataset specific for testing how well LLMs under-
stand metaphor, and their experiments with LLaMA and
GPT-3.5 demonstrate that enhanced performance is observed in
the models when the metaphorical word is asked to focus on,
and the novelty of the metaphorical word may affect their per-
formances.

According to Ge et al. (2023), property extraction, word-
level paraphrasing, and explanation pairing are three different
approaches to metaphor interpretation. Property extraction in-
terprets metaphors by extracting shared features from source
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and target domains, while word-level paraphrasing involves the
substitution of a metaphor with its literal words, and explana-
tion pairing appends a literal explanation to a metaphorical ex-
pression. Additionally, generating metaphors with a literal input
can also be considered as an approach to metaphor interpreta-
tion, although in a reversed direction. For example, Stowe et al.
(2021) fine-tuned a pretrained BART model with conceptual
mappings between cognitive domains encoded to generate
metaphors, which shows state-of-the-art performance by both
automatic and human evaluations. Tong et al. (2021) indicate
that the models are likely generating the word without ‘know-
ing’ that it is a metaphor and highlight that ‘it is thus in the inten-
tional use of metaphors that the difficulty of metaphor generation
lies.’

Advancement of Al systems have consistently demon-
strated notable capabilities in natural language generation. How-
ever, their performance in the domain of machine translation re-
mains underexplored, with comprehensive process and product
analyses yet to be conducted (Hendy et al., 2023).

3. MATERIAL AND METHODS

In the subsequent study, efforts are made to compare trans-
lations provided by human translators and language models.
The study incorporated data from translation assessments,
think-aloud protocols, and subsequent interviews. This section
will outline the procedure and research method used (Figure 1).

Process-Oriented

Analysis

> Discussion

Source Neural Target Text
ST Collection Text Machine by NMT g
Translation
~— 7
Large Target Text
Language by LLMs
Models
~— —

Target Text

]

Product-Oriented
Analysis
Assessment
Assessment .
Data Analysis

Figure 1. Flowchart of the study phases

The study selected 30 groups of English sentences from 30
articles respectively, containing MRWs identified with MIPVU
as the source texts (STs) for further research and analysis. Each
group contains one MRW to be investigated. Most groups con-
sist of a single sentence, while others contain two or more sen-
tences to offer sufficient context for translation. The STs are
randomly sourced from 30 articles between April 2022 and
February 2023 on topics about international politics, economics

and business, science and technology, climate and environment,
and arts and lifestyle from The New York Times. The MRWs,
which can be verbs, nouns, or adjectives, are underlined for in-
vestigation.

The term ‘metaphor-related word (MRW)’ is defined as ‘a
word is used indirectly, and that use may potentially be explained
by some form of cross-domain mapping from a more basic mean-
ing of that word’ (Steen et al,, 2010, p. 766).
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Furthermore, metaphoricity is dynamic and contains a
spectrum of gradations, rather than adhering to a binary classi-
fication (Hanks, 2006). This indicates that a metaphor can be-
come conventionalised when it is frequently used in human so-
ciety, thereby evolving into a familiar expression (Croft &
Cruse, 2004) or feel creative with a sense of originality yet ap-
propriateness fulfilling communicative purpose (Littlemore &
Fielden-Burns, 2023). Steen et al. (2010) extend the Metaphor
Identification Procedure (MIP) to the Metaphor Identification
Procedure Vrije Universiteit (MIPVU), based on a previous
study by Pragglejaz Group (2007), to identify metaphors and
classify metaphor-related words (MRWs) into different categor-
ies, namely, MRW indirect, MRW direct, MRW implicit, and
MFlag, according to their metaphoricity. The MRWs from the
current study mostly fall into the category of MRW direct,
which is characterised by a high degree of metaphoricity, mak-
ing them challenging to recognise. The study also includes in-
stances of MRW indirect and MRW implicit; however, MFlag is
not represented.

The fundamental hypothesis of MIP, i.e, a MRW conveys
specific contextual meaning distinct from its basic one, performs
effectively in language models for computational metaphor iden-
tification (Song et al., 2021; Zhang & Liu, 2022; Lin et al,, 2021).
However, the hypothesis falls short in certain situations (Choi et
al, 2021; Mao et al., 2019).

In the qualitative study, 5 MA (Master of Arts in Transla-
tion and Interpreting: Academic Degree Program)/MTI (Master
of Translation and Interpreting: Professional Degree Program-
me) graduate students (MAG) and 5 BA (Bachelor of Arts) stu-
dents (BAG) who were Chinese native speakers with English-
Chinese CATTI Certificate Level-3 or higher (CATTI China
Accreditation Test for Translators and Interpreters), particip-
ated in translating the English STs into the Chinese target texts
(TTs). Each participant translated 6 groups of the STs, and 60
groups of TTs were ultimately collected. Notably, each group of
STs was translated by two translators, one from MAG and one
from BAG. The study was conducted remotely using Tencent

Table 1
Translation strategies

doi: 10.22363/2521-142X-2025-9-1-10-27

Meeting, allowing the participants to work at their own pace.
During the translation task, they were permitted to utilise elec-
tronic dictionaries and search engines but not machine transla-
tion as well as generative language models. During the process
of translation, they were required to verbalise their thought pro-
cesses as the immediate think-aloud protocols (TAPs). A brief
training was provided to guide them to verbalise their thinking
processes before the task began, and both Chinese and English
were allowed to be used during the verbalisation process. After
the translation task, participants were asked to do subsequent
interviews which required them to analyse and review their
translations. The participants’ translation and verbalisation pro-
cesses, as well as subsequent interviews focusing on MRWs,
were recorded and a verbatim transcription of the recordings
was manually documented.

The outputs of machine translation were collected in Feb-
ruary 2023 by manually inputting each syntagma of the ST into
both DeepL Translator (a neural machine translation service
which claims to be the world’s most accurate and nuanced trans-
lator, hereafter referred to as DeepL), which offers high-quality
translations, and Youdao Fanyi (a popular translation service de-
veloped by the Chinese local company NetEase, hereafter re-
ferred to as Youdao). Both machine translation systems utilise
NMT models. ChatGPT, as a large language model, relies on
prompts as commands to accomplish specific tasks, including
translation, and the style of prompts influences its output.

In an examination of ChatGPT’s translation capabilities,
Jiao et al. (2023) assessed the performance of three prompts for
Chinese-to-English translation tasks, identifying one prompt that
outperformed the others in terms of BLEU, ChrF++, and TER
metrics.

This study adheres to the translation prompt which is:
‘Please provide the Chinese translation for these sentences.” The
translations of Large Language Models were collected in Decem-
ber 2024 by manually inputting each syntagma with the
prompt of the ST into ChatGPT-3.5 (hereafter GPT-3.5) and
ChatGPT-4 (hereafter GPT-4).

1 M->M metaphor into same metaphor

2 M->M2 metaphor into different metaphor
ST-based

3 M—Non metaphor into non-metaphor

4 M-0 metaphor into nothing

5 Non—>M non-metaphor into metaphor
TT-based

6 0->M nothing into metaphor

14 TRAINING, LANGUAGE AND CULTURE
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‘Junczys-Dowmunt et al. (2016) have elucidated the
efficacy of NMT (Neural Machine Translation), positing
that its proficiency in terms of words-per-second ratios
renders it a viable option for deployment within in-
production systems. Subsequently, Kocmi and
Federmann (2023) have explored the utility of pre
trained, generative LLMs (Large Language Models) in
the evaluation of translation quality, thereby offering
preliminary insights into their potential applications in
ensuring the fidelity of translations. Metaphor
translation, when performed by language models,
involves the intersection of metaphor identification and
metaphor interpretation, both of which are sub-tasks
within the field of computational metaphor processing’

The MRWs of TT were categorised following the tax-
onomy outlined in Table 2, an adaptation from Toury’s (2012)
strategies by Nacey and Skogmo (2021). As for the present
study, the TT-based strategies (categories 5 and 6 in Table 2)
handling metaphor translation are deemed impractical, as they
are applicable only in cases where no metaphor is present in the
text. Since the focus is how metaphors are translated, four
source text-based strategies are employed.

To evaluate the quality of translations of texts that contain
metaphors, assessment criterion includes accuracy, idiomaticity,
vividness, and acceptability. Accuracy and idiomaticity are the
most commonly used criteria to evaluate translations, as they are
essential for ensuring that the intended meaning of the source
text is conveyed precisely and naturally in the target language.
In particular, accuracy requires the translator to convey the
meaning of MRWs as closely as possible to the original text,
while idiomaticity requires the translation to read as though it
were originally written in the target language (Ghazala, 2003;
Hale & Campbell, 2002). Vividness is a dimension that is espe-
cially relevant to translations that contain MRWs, as metaphors
are often used to produce aesthetic effects in language. As the
same as idiomaticity, vividness shows the translator’s ability to
convey the meaning of the MRWs in a creative and impactful
way, using language that emotionally resonates with the reader
and leaves a lasting impression. Achieving vividness in transla-
tion requires the translator to employ a range of literary tech-
niques and to be highly attuned to the nuances of the target lan-
guage. Acceptability, first proposed by Toury (2012), indicates
the extent to which the translation is understood and accepted
by its target audience. It reflects the fact that translations are cre-
ated for readers, and their perception of the translation is a cru-
cial determinant of its success or failure. To some extent, it
closely resembles the aforementioned ‘appropriateness’ at the
operational level. In sum, it is essential to ensure that transla-
tions of texts containing MRWs are accurate, idiomatic, vivid,
and acceptable to their readership.

by Zhengjian Li and Lang Chen

Different from the human-based metric in this study, auto-
matic metrics are also used for machine translation assessment.
Word overlap-based metrics, including BLEU (Papineni et al,,
2002), ROUGE (Lin, 2004), METEOR (Banerjee & Lavie,
2005), broadly used in evaluation, are not ideal for machine
translation. For example, Tran et al. (2019) demonstrate that
the weak correlation between BLEU and the semantic correct-
ness diminishes BLEU's effectiveness in evaluating translation
quality. In recent years, model-based metrics like Sentence
Movers Similarity (Clark et al, 2019), BLEURT (Sellam et al.,
2020) alternatives, and LLMs-based metrics like G-Eval (Liu et
al,, 2023) and LLM-as-a-judge (Zheng et al,, 2023) are also used
to evaluate generation outputs.

Even though these automatic metrics provide standardised
and comparable results, the present study, aiming to conduct a
comparison from a human perspective, is better suited to a hu-
man-based assessment against the background that the cognitive
mechanism of human translators represents a key value-added
component for disembodied artificial intelligence (Massey,
2021).

To assess translations on the four identified dimensions, an
evaluation form (Figure 2) was developed and administered to
both machine and human translations. The form utilised a Likert
Scale, with assessors asked to assign a score ranging from 1 (in-
dicating strong disagreement) to 5 (indicating strong agreement)
based on the provided statements. For instance, an assessor was
asked to respond to the scale according to a statement like ‘the
translation of the underlined word is accurate’.

A total of 10 assessors, all of whom were excellent BA or
MA/MTI students who had previously won awards in transla-
tion competitions like the Han Suyin International Translation
Contest (the longest-running, largest-scale and the most influen-
tial high-level professional translation event in China), were in-
vited to evaluate the translations. Notably, these assessors were
distinct from the translation participants and they were specific-
ally chosen for the evaluation tasks. Each assessor was respons-
ible for evaluating 12 translations. Four of the ten assessors
were re-recruited to assess another 60 translations generated by
LLMs, with each assessing 12 translations. They are well trained
beforehand according to the assessment criterion with discus-
sion to ensure the inter-related reliability.

This study adhered to ethical principles to ensure the pro-
tection of participants’ rights and privacy. Before the study com-
menced, all participants signed an informed consent form, con-
firming their full understanding of the research objectives, pro-
cedures, data usage, and their right to withdraw at any time
without any negative consequences. To safeguard participants’
confidentiality, all data were anonymised and used solely for re-
search purposes. Participation in this study was entirely volun-
tary, and participants were free to withdraw at any stage. As a
token of appreciation for their time and effort, each participant
received a compensation of 100 RMB. The study was conducted
in accordance with established ethical guidelines for academic
research.

TRAINING, LANGUAGE AND CULTURE 15
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On a scale of 1 to 5, where 5 indicates strong agreement and 1 indicates strong disagreement, lower scores

represent lower levels of agreement.

The translation of the underlined word is accurate

The translation of the underlined word is idiomatic

The translation of the underlined word is vivid

The translation of the underlined word is acceptable

Figure 2. Sample assessment form

4.STUDY RESULTS

4.1. Product-oriented analyses

4.1.1. Pattern of translation strategies

In this study, the translation task was administered to a co-
hort of 30 sets of sentences containing MRW's, which were sub-
jected to translation by six distinct entities: two human transla-
tion (HT) groups, identified as BAG and MAG; two neural ma-
chine translation (NMT) systems, namely, DeepL. and Youdao;
and two large language models (LLM), specifically, GPT-3.5 and
GPT-4. This yielded a total of 180 sets of target texts (TTs),
with each translating entity contributing 30 sets of TTs. Con-
sequently, the translation output was segmented into 60 sets of
TTs for each of the three categories: HT, NMT, and LLM, with
each category further subdivided into 30 sets per translating en-
tity. The strategies employed by different groups in their trans-
lations are detailed in Table 2 that provides a comprehensive
comparison of translation strategies across several groups, delin-
eating the frequency of different approaches to MRWs. The
comparison between the NMT group and HT group shows a

marked difference in the translation strategies chosen for
MRWs. While the NMT group tends to adhere more closely to
the original metaphor applying literal translation (M—M), the
HT group exhibits a more liberal approach with greater in-
stances of paraphrasing the meaning of the MRWs (M—Non).
Additionally, the HT group demonstrates a higher rate of trans-
lating the metaphor into another metaphor (M—M2) than that
of the NMT group. The LLM group exhibits a comparable pat-
tern to the HT group as its primary strategy. Within the NMT
group, DeepL exhibits a pronounced preference for maintaining
the original metaphor (M—M). Youdao, on the other hand,
demonstrates a more diversified strategy application, engaging
equally in M—M2 and M—Non strategies. BAG and MAG, being
groups of human translators, tend to use M—Non as the primary
strategy, but BAG has a relatively high percentage of M—M2,
while MAG has a lower percentage. In the LLM group, GPT-3.5
and GPT-4 showcase a close alignment in ratios across different
strategies, demonstrating a significant level of consistency in
their translation patterns.

Table 2
Overview of translation strategies used in different groups
M->M M—Non M-0

NMT (N = 60) 29 (48.3%) 10 (16.7%) 20 (33.3%) 1(17%)
L DeepL. (n = 30) 21(70.0%) 5(16.7%) -
L Youdao (n - 30) 8(26.7%) 6.(20.0%) 15 (50.0%) 1(3.3%)
HT (N = 60) 5(8.3%) 19 (31.6%) 32(53.3%) 4(6.7%)
L BAG (n - 30) 2(6.7%) 13 (43.3%) 13(43.3%) 2(6.7%)
L MAG (n - 30) 3(10.0%) 6.(20.0%) 19(63.3%) 2(6.7%)
LIM (N = 60) 15 (25.0%) 12(20.0%) 33(55.0%) -
s GPT 35 (n - 30) 8(26.7%) 6(20.0%) 16.(53.3%) -
L GPT-4 (n - 30) T(23.3%) 6 (20.0%) 17 (56.7%) -
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4.1.2. MRW translation based on metaphoricity Various types of metaphors, ranging from conventional to novel,
This section considers in detail the practical use of transla- are examined to show how MRW:s are adapted from the source

tion strategies for MRWs by presenting a detailed case study. language to the target language.

Table 3

Examples with different metaphoricity degrees and adopted translation strategies (MRWs are underlined)
CATEGORY CONTENT STRATEGY
ST (1) Twas really starting to feel financially squeezed in a way that I hadn't felt ever before, since finishing college,” Mr. Bate said.
Deepl. DUS S e BRI TR R SR et R RRAE R Bl R R R . M=Non
Youdao REMFFIRIEBIETHREE, XRBAFEA LR ARG TR, IR M=Non
BAG DURG S A 0 A ST IR R BI BT . TER 2L R BRI AT 1 XA AL T M-Non
MAG DURRSeA L, T ARERLZ G, BB IFIRESE T L R, R A IEZ M. M-Non
GPT=3.5 REMTHRIEBI AN LMES, XREAZHAEMRA TR EREAE. M-M2
GPT-4 ‘BMKREFEEALDIOR, REMFFIREBIEN S AR, KRR ARG TS, IR e M-M
ST (2) The Biden administration is trying to use uncommon legal theories to clip the wings of some of America’s largest businesses.
DeepL. FFEBUR IE ] A DB A 0 ok BT 38 [ — S8 an KA Il i 915 o M-M
Youdao FFEBOR IR B A A [ 55 B e ok s 36 B — L KRBk i 3 7 o M->Non
BAG FERBUT N4 1E IR B A ¥ 1 MR A R 4T 35 W i — 26 L B 3k M=M2
MAG FEBBUR A B R A T8 B30 4T R 36 iR K L2 20 H] o M=M2
GPT-3.5 FEE BT IEAE 20 FH AR U0 V0 3 0 o 33— 26 5 [l f R A W 2 i T M—Non
GPT4 FHEBURF IE 22300 A S U VR A 1 R B ] — 26 3 I dpe R A AR T M—=Non
ST (3) It has its diplomatic eggs in many baskets, and its president said he wasn't concerned about pressure from rich, industrialised countries to

drop the campaign for an international legal opinion.

Deepl RSN EEEREF S BT R, EREAGEHRIF A HLOK B S TR R ES, DO IR BRE R A M-M

2.

Youdao AR PRSI, BERTED, MATLOR B EH DAL EREE S, ZORMATIE 4 BUE BRiE AR s Mi=Non
.

BAG B KR4 SR A R DA T RO, I LI R F 8 B I AP0 B A Tl A B — A B A G M= Non
RERAE. 1 H CERME.

MAG BAEFALHETR . BGEWFIRIH AT B M Tolk o B R ok S R L AR L FS o M=Non

GPT3.5 RS ETENE TENAMOE , MENBEER, BIFFHOKAER TIAEROES . ERikrERE MM
AR ILEZE)

GPT LS SUREAT T A8 . HEGFRIR I A HOR A S TG E R ES) . BRI RE BRIE R Mi=Non
B3,
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Three representative examples are all direct metaphor but
demonstrate varying degrees of metaphoricity from convention-
al to novel (Examples 1 to 3 in Table 3). They are provided to
demonstrate how metaphor-related words (MRWs) are trans-
lated from the source language to the target language ap-
proached by different groups. The findings include the
following.

1. The complexity arising from varying degrees of meta-
phoricity has a direct impact on the variability in metaphor
translation strategy choices. But in this part, it’s yet to be decis-
ive in determining the patterns and extent of variability as well
as the consistency across human translators, neural machine
translation, and large language models, since measurement of
metaphoricity requires another rigorous experiment so that es-
tablish correlations and causality with the six metaphor transla-
tion strategies with a further step, which we will discuss in the
other article. The focus of the statistics in the current study is to
explore the comparative and contrastive performance regarding
the accuracy, idomaticity, vividness, and acceptability of transla-
tions produced by human translators and various Al systems.

2. Despite that, the descriptive statistical results of meta-
phor translation strategies as chosen by human translators and
LLMs as shown in Table 2 demonstrate the potential similarities
between the two in terms of cognitive reasoning and decision-
making. This finding corroborates Brown et al. (2020) that the
unique aspect of GPT models lies in their ability to generate con-
text-aware and coherent text. To illustrate, the preference of
human translators and large models for the M—Non strategy
aligns with the findings that GPT translations exhibit significant
‘paraphrastic’ characteristics, using one’s own words to express.
It is suggested that this approach could be applied to the hand-
ling of figurative text by neural machine translation models.

3. NMT systems tend to adhere closely to the superficial
syntactic structure during the translation process and GPT-4’s
performance is better than GPT-3 and NMT systems (as illus-
trated in Table 2 and Example 2). NMT systems are inclined to

doi: 10.22363/2521-142X-2025-9-1-10-27

adhere to the superficial structure in the process of translation,
whereas human translators and GPT may opt for explicit ex-
pressions in target texts.

4.2. Process-oriented analyses

The immediate think-aloud protocols and the interviews
are transcribed verbatim to facilitate detailed analysis. The tran-
scripts reveal the thinking processes engaged in translation as
well as the explanation of the strategies and techniques selected
by the translators. Transcript analysis, with a particular focus on
the translator’s processing of MRWs, is demonstrated as follows.

4.2.1. Processing MRW's

Despite not being provided with any information about
MRWs in the translation process, the translators’ understanding
of MRWs can be deduced based on Case 1 and 2 as examples: 1)
the process of understanding MRWs is highly automated; 2)
MRWs can trigger a ‘mental’ image; 3) translators can identify
novel MRWs by excavating their characteristics. In Case 1, dur-
ing the translation of the MRW ‘squeezed, two translators im-
mediately understood the intended meaning of the MRW. In
their subsequent interviews, they mentioned that the MRW
evoked a mental image in their minds, which was associated
with the actual meaning. Case 2 demonstrates how translators
understand novel MRWs that they haven't encountered before.
From Case 2, it is evident that translators identify the intended
meanings of novel MRWs by analysing their characteristics.
Two translators successfully recognised ‘oxygen’ as an MRW
and interpreted its intended semantics based on the attributes
associated with oxygen. Both translators considered oxygen to
be an extremely important element. Based on the preceding dis-
cussion, it can be concluded that during the translation process,
translators initially grasp an abstract understanding of MRWs,
then encode their overt connotations, and finally decode their
covert implications through a cognitive mapping mechanism be-
fore deciding on the appropriate translation approach to use.

Table 4

Case 1 and 2 for case study (MR Ws are underlined)
ST ‘Twas really starting to feel financially squeezed in a way that I hadn't felt ever before, since finishing college,’ Mr. Bate said.
TAPs Translator 1: "W, ¥ 4E%F FMHE [ was really starting to feel financially squeezed. FmfsSzEE], LI 15 BB 25 R 4E
transcrip

! to feel financially constrained.”)

LASYD

T '(‘Uh,first, let's look at the main sentence, which is ‘I was really starting to feel financially squeezed.’  indeed felt, [ indeed began

Translator 2: ‘Financially squeezed £35% |, it &2ept il —s M. 25 LB —L@EME, ( Financially squeezed, in
terms of finance, it feels like encountering some difficulties financially. Encountering some difficulties financially.’)

Interview

Translator 1: XA EFRLE BHEFFHAITESR . squeeze, AREZIEIRA, B, JURT SESHORK L. LI

TANSCID oy b MR BRI T . TR BB TR . R IR F AR B E R R T R . T

T ' (‘The understanding of this term is that it is actually very vivid. ‘Squeeze’ originally refers to, ah, the meaning of grasping tightly

t

or squeezing out. [...] It is like not being able to squeeze out even a penny, that kind of feeling. First of all, it is particularly vivid. Tt

naturally leads one to associate it with being financially strapped, having no money left.’)
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CASVD

£SO

PASVD

Translator 2: “EAFMABERA BB W, FATHMST, BRATESME ARHRS I dl 2 disqueeze. A — RIBFZ
R, WA, W MW Efnancially, BRMRER, IFEEREAREL, HEALUMAEMIEH . HEREERT LB
H AR R X R . ('Tts original meaning pertains to compression or squeezing. When we say it’s very crowded, for instance,
in a crowded outdoor setting, we also use the term ‘squeeze.’ It conveys a sense of being tightly packed, which, when applied to
financial contexts, signifies a state of tension or strain. This connotation is certainly not positive, and it definitely does not imply

affluence. It evokes the feeling of having to squeeze out some money from an already tight budget.”)

ST During much of the 20th century until his death in 1965, the Swiss-French Modernist Le Corbusier sucked up most of the architectural
oxygen in France, but there were other talents, some major, among them Jean Dubuisson (1914-2011).
TAPs Translator 1: ' ®%&5& L F X —BMASMAEZE, MSBEREXANIRELFKREFH—FESE. * (Upon examining the
transcript  context, one would immediately sense that it aims to convey a certain prowess associated with modernist figures.")
Imervie.w Translator 1: “EHEFLREATNNEEL] EAERFHRE—FMRZEPARIE, ERAREAC—MARBRAB2LH
UANSCIPU o gt I PR A T T R BT B, U A . LT ELE R SEBRAARRG A H 7 s R B T — /MLy
(‘Tt definitely doesn’t mean oxygen |...] In my view, oxygen is quite crucial. Given that it can inhale so much oxygen on its own, this
indicates that it is relatively important and formidable in this aspect. [...] Moreover, when considering the practical implications, this
place must have employed a metaphor.”)
Translator 2: ‘oxygenA B REH T, LIRFoxvgen M LA, ROINEELATTH, REHEFEERRRA,
BRI E BT, SRS R T AR SE R X BRI SRR SR T Ble * (‘The original meaning of oxygen is
indeed oxygen, [...] and then, considering that oxygen is essential and very important for human survival, [ have concretised it,
extending it to mean knowledge. Or I think translating it as nutrients could also be appropriate.’)
4.2.2. Contextual factors it is demonstrated through their TAPs in Case 4 and 5 that dif-
Translation of MRWs is significantly impacted by contex- ferent translation strategies are employed based on situational
tual factors. As shown in Cases 3-4, such factors facilitate the demands and circumstances. In consideration of the aforemen-
comprehension of MRWs. Taking into account various contex- tioned transcripts, it is evident that contextual information signi-
tual factors, such as the subject matter and the stylistic features, ficantly influences the comprehension and processing of MRWs.
Table 5

Case 3,4 and 5 for case study (MR Ws are underlined)

ST ‘Twas really starting to feel financially squeezed in a way that I hadn’t felt ever before, since finishing college, Mr. Bate said.

TAPs Translator 1: ‘T H3XANE R HETHE M EX —AN ERX A EE . ' (Moreover, this translation [supporter| is more aligned with

transcrip  the formal context.’)

t Translator 2: 35X 4™ 1#]lbig fans] JRA M 22 IR, REMEEE T —FXMER, REHCHEMET —TFX/MT. "(The term
[big fans| originally means ‘fan’, and then, taking into account the context, I translated the term anew.”)

ST The death toll in protests that have convulsed Peru rose above 20 on Friday, with tensions centred in the highland city of Ayacucho,
where eight people were killed in clashes between anti-government demonstrators and military officers.

TAPs Translator 1: ‘W2 7E A convulse IRAN BRI LR . X AMESR BB A BIRA Hhie&3& 2 ' (Tm still pondering the meaning of the

transcrip  word ‘convulse’. How should it be translated in this context to be more appropriate?’)

(

Interview  Translator 2: W@, FFHFXAH. BRI E—B—F, BRRIE—AMEE. B E 2RI E 2 — M 4k

transcrip gy R, " (‘Ah, when [ encountered this term, it was similar to the previous instance, based on the context. Upon first reading, one

t

would initially speculate about its meaning.’)
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ST Historical data has always been critical to those who make economic predictions. But three years into the pandemic, America is

- suffering through an economic whiplash of sorts — and the past is proving anything but a reliable guide.

2

o TAPs Translator 1: FR4EERS S BAR C 7. TR % EE 2B, ' (‘Select relevant words based on the context. Then consider how
transcript (o translate.’)

4.2.3. Cultural awareness

The related work section elucidated that the social turn
emphasised the profound relevance of cultural factors in meta-
phor and related investigations. In the present study, translators
were observed to evince a keen regard for cultural factors
shown in Case 6, 7, and 8.

By analysing the cases at hand, it becomes evident that
translators exhibit a remarkable ability to link different cultural
factors with one another. This is especially apparent in instances
where they consider current political circumstances in their
work, taking into account the unique cultural nuances that
shape such events. Additionally, translators regularly consider
cross-cultural factors such as linguistic differences and variations

Table 6
Case 6, 7 and 9 for case study (MRWs are underlined)

in social norms when developing their translations. As a result,
they are able to produce translations that accurately and effect-
ively convey not only the literal meaning of the original text but
also its cultural context and implications. The process of human
translation transcends surface rendering and requires capturing
the concept of a word, phrase (sentence), and the general idea of
the whole message (text). As analysed in this section, in the pro-
cess of translating MRWs, translators engage in a cognitive pro-
cess of conceptual comprehension by analysing the overt and
covert connotations of the MRW while considering various con-
textual factors. The translators also take into consideration the
cultural background as it aids in understanding the meanings of
the MRW and selecting the appropriate translation strategies.

ST Historical data has always been critical to those who make economic predictions. But three years into the pandemic, America is

suffering through an economic whiplash of sorts —and the past is proving anything but a reliable guide.

@]
Z TAPs Translator 2: & Jywhiplash i i, HESTXPIR ), W, ASETEM 2SO IZAGE T D3RRI E e, A ARmm
o transcript — gepiuRaaa, B LU B H SR T % %4 & . ' (Because translating ‘whiplash’ as ‘whip’ or ‘whipping’ carries a
connotation, well, in any culture, it should be understood to have a somewhat negative feeling, so even if it is literally translated as
‘Whipping’, it would be acceptable.’)
ST U.S. officials and analysts worry that Palestinian frustration with a moribund peace process, along with the rise of hard-line Israeli
leaders, has created dry tinder that could burst into a major Palestinian uprising.
%
~ TAPs Translator 1:* UM R IRBATAT LIAGE .  EBER L@ 2 3 S0 — B U R0E, BT DU KR 5 SN I%
transeript — g3xpEF4%,  (‘Given common knowledge, we can understand that there have indeed always been contentious issues between
Palestine and Israel, so the general backdrop is likely this matter.’)
ST Israel, which sees the weapons programme as an existential threat, has been locked for years in a shadow war with Iran.
(@)
=
i TAPs Translator 1: #5424 > FRAAEMZPE BUHLE? P EI B X BITREEHR E— iUk =2’ (Blocked for years? |
transcript  wonder whether it's about being blocked or being blocked by another country? This might require some cultural background, right?’)

4.3. Translation Quality Analysis Across HT, NMT
AND LLMs

A centrally positioned divergent bar chart is employed to
represent Likert scale data, with the 0% mark serving as a neut-
ral midpoint that indicates an equal balance of positive and neg-
ative responses. Bars extending to the right of the 0% point re-
flect a predominance of positive ratings towards the upper end
of the Likert scale (scores 4 and 5), while bars stretching to the
left indicate a predominance of negative ratings (scores 1 and 2).
The length of each coloured segment within a bar indicates the
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proportion of assessors that selected a particular rating (1 to 5).
Figure 3 and Figure 4 depict the evaluation data across four dis-
tinct dimensions: accuracy, idiomaticity, vividness, and acceptab-
ility.

Figure 3 reveals that human translators achieve the highest
mean scores across all four metrics, predominantly attributable
to a distribution concentrated in the higher ends, specifically
score 5. In contrast, the LLM and NMT groups exhibit lower av-
erage scores compared to human translators, and the data sug-
gest that the LLM group demonstrates marginally superior
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performance to NMT. Figure 4 illustrates the translation per-
formance of six distinct subgroups. When comparing the per-
formance of MAG and BAG, it is evident that MAG outperforms
BAG on four dimensions, indicating that a longer period of time
in translation training could enhance the improvement of trans-
lation quality. Intriguingly, the performance metrics of Youdao,
GPT-3.5, and GPT-4 are on par with BAG in terms of accuracy,

language models exhibit proficiency similar to that of novice
translators. However, in terms of acceptability — which is inher-
ently subjective and contingent upon the assessors’ perceptions
— it remains challenging for language models to achieve a level
of performance comparable to human translators. Furthermore,
DeepL demonstrates suboptimal performance in the translation
task of MRWs, potentially due to its insufficient training on the

idiomatic expression, and vividness, which suggests that these English-Chinese pair.
Accurarcy Idiomaticity
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Figure 3. Likert scale plots for evaluation results across four metrics based on three groups HT, NMT and GPT
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Figure 4. Likert scale plots for evaluation results across four metrics based on six subgroups MAG, BAG, Youdao, DeepL, GPT-4 and GPT-3.5
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The distinct groups exhibit divergent patterns in the MRW
translation task, and the evaluation data show variances in trans-
lation performance across these groups, as discussed in Section

doi: 10.22363/2521-142X-2025-9-1-10-27

4.1.1. It is plausible to assume that the choice of translation
strategies has a significant impact on the assessment of transla-
tion, as explained in the subsequent analysis.

Table 7

Comparative evaluation of translation strategies based on accuracy, idiomaticity, vividness, acceptability, and overall mean score
STRATEGY ACCURACY IDIOMATICITY VIVIDNESS ACCEPTABILITY MEAN
M—->M (N = 49) 3.347 3.082 3.184 3.061 3.168
M—->M2 (N =41) 3.976 41.024 4.049 4.195 4.061
M=Non (N = 85) 3.965 3.882 3.671 3.988 3.876
M=>0 (N=5) 3.200 3.400 2.400 3.600 3.150

Table 7 above demonstrates the average scores in four
evaluation dimensions and overall average scores categorised by
different translation strategies used. The overall mean values of
the four dimensions provide an overview of the comprehensive
performance among each translation strategy, with M—M2
(4.061) outperforming the others, followed by M—Non (3.876),
M-M, and M—@ (3.150). The average scores within the four

dimensions adhere to the similar trend. Table 5 presents the res-
ults of the Mann-Whitney U tests conducted across all six pair-
wise comparisons. It reveals that there are statistically significant
divergences between the strategies M—M2 and M—M (p <
0.001), as well as M—Non and M—M (p < 0.001). This indicates
that the choice of translation strategy exerts a discernible impact
on the quality of the translation.

Table 8

Sli]tisewcal significance of differences between translation strategy pairs across various evaluation metrics
PAIR ACCURACY IDIOMATICITY VIVIDNESS ACCEPTABILITY MEAN
M->Mvs M—>M2 0.005* 0.001* 0.001* 0.000* 0.000*
M—->M vs M—>Non 0.001** 0.001** 0.024 0.000 0.000
M->Mvs M—0 0.828 0.592 0.175 0.319 0.964
M->M2vs M—Non 0.693 0.377 0.058 0.220 0.219
M->M2 vs M—0 0.113 0.102 0.008* 0.111 0.044%
M—=>Non vs M—0 0.113 0172 0.026* 0.308 0.076

*p<0.05, **p<0.01, ***p <0.001, calculated using the Mann-Whitney U test

Drawing upon the data presented in Tables 7 and 8, it can
be concluded that the strategies of translating metaphors into al-
ternative metaphors (M—M2) or into non-metaphorical expres-
sions (M—Non) are favoured based on the evaluation from the
perspective of assessors. This can be discerned from the higher
mean scores and the statistically significant differences indicated
by the Mann-Whitney U test results. The inference drawn from
the results indicates that the HT group exhibits a higher
propensity to employ the M—M2 strategy compared to the

22 TRAINING, LANGUAGE AND CULTURE

other groups, which can be considered a contributing factor to
the higher evaluation scores. Concurrently, the LLM group
demonstrates a preference for the M—Non strategy, positioning
it intermediate in the evaluation among the three groups. The
NMT group, exhibiting a preference for the M—M strategy, cor-
relates with lower scores, thus placing it at the lowest ranking.
These observations provide insights into the relative effective-
ness of different translation strategies employed by each group
and their impact on the overall translation quality.
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5. DISCUSSION

5.1. How strategies of translating metaphor vary from
human translator to NMT and LLM

The product-oriented analyses reveal that in translating
metaphors, human translators, NMT, and LLM show different
translation patterns in choosing strategies. M—Non is the most
frequently used strategy among human translators, both in BAG
and MAG, and M—M?2 is the second. The result aligns with the
findings of a study by Pedersen (2017), which investigated how
metaphors in ‘Yes, Prime Minister’ were subtitled from English
into Swedish. Pedersen's research reveals that substitution
(M=M2) and reduction (M—Non) are the primary strategies
used to translate monocultural metaphors, with proportions of
32.7% and 30.3%, respectively. Viewing the human translator as
a baseline, LLMs exhibit translation patterns more similar to hu-
man translators. In contrast, NMT systems tend to use the M—M
strategy. A study further supports this, showing that Google
Translate, an NMT system, prefers using ‘reproduced
metaphors’ (M—M) in target texts (66.0%), consistent with our
findings (Zajdel, 2022). The pattern varies in Youdao and
DeepL, which may be attributed to differences in the corpora
and training methods used. Although few studies have quantit-
atively analysed the translation strategies these systems use, es-
pecially in comparison to human translators, some studies show
it is common for different NMT systems to show lexical, syntact-
ic, and stylistic differences (Gao et al, 2024; Webster et al.,
2020). Furthermore, Hendy et al. (2023) suggest that GPT
translations, in comparison to NMT, process a nature of greater
paraphrasticity. Ichien et al. (2023) assessed the ability of
GPT-4 to provide natural language interpretations of novel liter-
ary metaphors, finding that human assessors rated metaphor in-
terpretations generated by GPT-4 as superior to those provided
by college students. Thus, it is confirmed that LLMs hold a para-
phrastic tendency in metaphor translation tasks, and this tend-
ency enables them to achieve good performance. This may ex-
plain why LLMs show a similar pattern in metaphor translation
to that of human translators. However, as demonstrated in the
case study, the performance of the two LLMs is unstable, with
occasional failures to recognise metaphors.

In conclusion, LLMs exhibit similarities to human translat-
ors in choosing the strategy of translating metaphors, mainly the
M-Non strategy, whereas NMT systems are more likely to use
the M—M strategy. Hanks (2006) suggests that metaphoricity
tends to increase when there is a lower degree of shared se-
mantic properties between two concepts. Although the current
study does not specifically explore the relationship between
metaphoricity and translation strategies, this insight provides
useful context for understanding metaphor translation.

5.2. What factors interfere with processing metaphors
in translation?

As demonstrated in the process-oriented analyses, human
translators process metaphor on a conceptual level, incorporat-
ing contextual factors and cultural awareness into the process of
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metaphor comprehension and translation decisions. Although
the experiment was not specifically designed to compare the
translation processes of metaphorical and non-metaphorical lan-
guage, the TAPs and interview transcripts show that some cog-
nitive schemes interfere with understanding metaphors, for ex-
ample, by triggering mental imaging and analogy. Other re-
searchers have also identified distinct brain activation patterns
associated with metaphorical language compared to non-meta-
phorical language, especially in processing novel metaphors, and
it is evident that the process of metaphor comprehension en-
gages a network of brain regions, drawing on a diverse array of
cognitive resources distributed throughout the brain (Bambini
et al, 2011). In addition to contributing to understanding meta-
phors, contextual factors and cultural awareness help translators
make translation decisions. For example, in the interview tran-
script in Case 6, the translator mentions that the M—M strategy
is used since the metaphor is universally understandable by any
culture. This illustrates, from another perspective, that cultural
disparities do not determine whether a metaphor is translatable
but rather influence the approach to translating the metaphor. In
the investigation of metaphor translation in The Picture of Dori-
an Gray from English to Spanish, Zajdel (2022) demonstrates
that transcultural and monocultural metaphors show different
preferences in the strategies used. Understanding the factors
that interfere with metaphor processing in translation can
provide valuable data to improve machine translation systems.
For example, He et al. (2024) propose a framework that mimics
the human translation process (encompassing knowledge min-
ing, integration, and selection) to enhance LLMSs translation
quality. The results demonstrate improved performance under
automated evaluations and indicate that this approach provides
more favourable translations under human assessments.

5.3. Where do human translators, NMT and LLM meet/
conflate against metaphor translation assessment metrics?

The assessment analyses indicate that, even though the
quality of NMT systems and LLMs does not substantially ex-
ceed that of human translation, these language models possess a
capacity for metaphor translation, from conventional to novel
metaphors, which is commensurate with that of human translat-
ors. Specifically, Youdao, GPT-4, and GPT-3.5 reached compar-
able performances in metaphor translation compared to begin-
ner-level human translators. However, the performance of
DeepL does not achieve parity with that of the others, mostly
because 70% of its target texts utilise M—M, which is considered
to receive low scores as a translation strategy. This is contrasted
with Hu and Li (2023) who find that DeepL performs well in
translating literary texts from English to Chinese with an accur-
acy and fluency rate of above 80% compared to human transla-
tion as a baseline.

The analyses presented in the preceding sections suggest
that human translators, NMT systems, and LLMs exhibit distinct
translation patterns in processing metaphors. It is also observed
that the choice of translation strategies considerably influences
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the translation quality. This observation leads us to an inductive
reasoning that the divergent translation performance among
these entities may be fundamentally attributed to their respect-
ive translation patterns when dealing with metaphors.

6. CONCLUSION

With a focus on the translation of MRWs, this study em-
ploys a variety of research methodologies, including product
analysis, think-aloud protocols, subsequent interviews, and
translation quality evaluation, to uncover the process and
product of human translation, NMT systems, and LLMs. The
aim is to discern the variances in translation strategies and qual-
ity performances between humans and different Al systems
through human ratings. The study shows that NMT systems
and LLMs are capable of translating metaphors to a level com-
parable to human translators. This finding underscores the con-
tinued complexity of metaphor translation and highlights the
nuanced challenges faces by machine translation systems.
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