/The Lingua Spectrum The Lingua Spectrum
Cogito, etgo dumt

Volume 3. November 2024

Evaluating the Effectiveness of Machine Translation in Preserving Metaphorical Expressions
from Source Texts to Target Languages

Matyakubova Laylo
UzSWLU graduate student

Annotation. With the rapid proliferation of Neural Machine Translation (NMT) systems,
questions persist about their ability to handle nuanced linguistic phenomena—particularly
metaphorical expressions. Metaphors are culturally and contextually embedded, and their translation
involves more than a direct lexical substitution. This article investigates the effectiveness of state-of-
the-art machine translation (MT) systems in preserving metaphorical expressions from source
languages to target languages. We first review the theoretical foundations of metaphor in cognitive
linguistics and the challenges they present to MT. We then examine the evolution of MT models, from
statistical to neural approaches, assessing their capacity for handling figurative language. Drawing
on empirical studies and a newly constructed bilingual parallel corpus enriched with carefully
annotated metaphorical expressions, we perform a qualitative and quantitative evaluation of leading
NMT systems. Our findings suggest that while neural models have improved in fluency and contextual
coherence, they often fail to fully preserve the conceptual structure and pragmatic force of metaphors.
We identify the linguistic factors influencing metaphor translation quality—such as cultural
specificity, metaphorical density, and syntactic complexity—and consider methods to improve
metaphor handling, including pre-training strategies, metaphor-aware datasets, and post-editing
tools. By elucidating the current limitations and potential improvements, we advance the
understanding of how MT systems grapple with one of the most creative and conceptually rich aspects
of human language.

Keywords: Machine translation, Metaphor, Neural machine translation, Figurative language,
Cross-linguistic semantics

Ouenka 3()(peKTUBHOCTH MAIIIMHHOTO MEPEBO/Ia B COXPaHEHUN MeTa()OpUIeCKUX BbIPAKeHU I
NPH NepeBojie ¢ MCXOAHBIX TEKCTOB HA LeJieBble A3bIKU

Mamsxybosa Jlatino
Maeucmpanm Y3I'VMA

Annomayun. Ha ¢one cmpemumenvnoco pacnpocmpaunenuss HeUpOHHbIX —Ccucmem
MawunHozo nepegooa (HMII) coxpansiomes 6onpocel 06 ux cnocobHocmu 06pabamvléams MOHKUE
AZBIKOBbIE  AGNEHU, 8 0COOeHHOCmu Mmemagopudeckue evipadicenus. Memagopvl  Hocam
KVIbMYPHLIUL U KOHMEKCMYAIbHblll Xapakmep, U Ux nepegoo mpeOyem He NPOCMO NPAMOU
JleKcuyeckol 3amenvl. B oannou cmamuve uccnedyemcs 3p@exmusHocms nepeoosvix cucmem
Mmawunno2o nepesooa (MII) 6 coxpamenuu memaghopuyeckux 6vipaxfceHuil npu nepexooe om
UCX00H020 s13bIKa K Yenegomy. CHauania paccmampusaromes meopemuyeckue 0CHO8bl Memaghopwl 6
KOCHUMUBHOU JUHSBUCMUKE U me MPYOHOCMU, KOmopwvle OHa npeocmaegisem oas MII 3amem
AHATU3UPYEMCSL IGOTIOYUSL MOOeell MAUWUHHO20 Nepeso0d — Om CIMAMUCIMUYECKUX K HeUPOHHbIM —
C OYeHKOU ux cnocobHocmu K obpabomke obpaznoco sasvika. Onupascy Ha SMRUpuyecKue
UCCTe0068aHUsT U  HOBbIU  OBVA3LIUHLIL NAPAIEIbHbIN  KOPNYC, 0002AUieHHbIN  MUAMeIbHO
AHHOMUPOBAHHBIMU ~ MEMAPOPUUECKUMU — BbIPANCEHUAMY, Mbl  NPOBOOUM  KAUECMBEHHVIO U
KOU4eCcmeeHHyI0 oyeHky sedywux cucmem HMI1. Hawu pe3ynibmamol noKaswléaiom, 4mo HecMompsi
Ha ynyuuienue 6e2nocmu U KOHMeKCMyaibHOU C8A3HOCIU 8 HEeUPOHHLIX MOOeNsX, OHU HepeoKo He
CHOCOOHbI  NOJIHOCMbIO  COXPAHUMb KOHYENMYANIbHYI0 CMPYKMYpY U NpAeMAmudecKyro CUiy
memagpop. Mvl 6viAgIAeM AUHSBUCMUYECKUE AKMOPbL, GIUAIOWUEe HA KAYeCmBo Nnepesooa
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Memacghop, maxue Kax KyibmypHas cneyugpuxa, memaghopuieckas niomHOCMb U CUHIMAKCUYECKAS]
CIIONCHOCMb, A MAKdHCe paccmampueaem mMemoovl YIyHueHus oopabomku memagop, 6Kouas
cmpame2uu npeod8apumenbHo20 00yYeHus, HAbOpbl OAHHLIX, Yyuumwsléaowue memagpopwl, u
UHCMPYMEHMbL ~ NOCM-pe0aKkmupoeanus.  Ykasvleas Ha  COBpeMEHHble  02PAHUYEHUs U
NOMeHYUAIbHble NYymu YIy4uleHus, Mbl CHOCOOCMEYeM Iyduuemy NOHUMAHUIO MO020, KaK CUCeMbl
MAWUHHO20 Nepesooa Cnpasistomcs ¢ OOHUM U3 CAMbIX MBOPUECKUX U KOHYENnmyaibHo 602amvlx
ACNeKmos Yeso8euecko2o sA3biKa.

Kniwueevie cnosa: mawunnvlli nepesoo, memagopa, HeUpOHHbIL MAWUHHBIL Nepesoo,
00pa3Hblil A3bIK, MENHCHAZLIKOBASL CEMAHMUKA.

Manba matnlardan maqgsad tillarga tarjima qilishda metaforik ifodalarni saglab golish
bo‘yicha mashina tarjimasining samaradorligini baholash

Matyakubova Laylo
O zDJTU magistranti

Annotatsiya. Neyron asoslangan mashina tarjimasi (NMT) tizimlarining jadal rivojlanishiga
garamay, murakkab til hodisalarini, xususan metaforik ifodalarni gayta ishlash qobiliyati hanuz
savol ostida qolmogda. Metaforalar madaniy va kontekstual ildizlarga ega bo ‘lib, ularning tarjimasi
oddiy leksik almashtirishdan ko ‘ra kengroq yondashuvni talab etadi. Ushbu maqolada zamonaviy
mashina tarjimasi (MT) tizimlarining metaforik ifodalarni manba tilidan magsad tilga o ‘tkazishda
samaradorligi tadqiq etiladi. Avval kognitiv lingvistikadagi metafora nazariy asoslari va uning MT
uchun yuzaga keltiradigan qiyinchiliklari ko rib chiqgiladi. Shundan so ‘ng, statistik modeldan neyron
modelga o ‘tish jarayonida mashina tarjimasi modellari rivoji tahlil qilinib, ularning badiiy (obrazli)
tildagi ifodalarni gayta ishlash gobiliyati baholanadi. Empirik tadgiqotlarga hamda metaforik
ifodalar sinchiklab belgilangan yangi, ikki tilli parallel korpusga asoslangan holda, biz yetakchi
NMT tizimlarining sifat va migdor ko ‘rsatkichlari bo ‘yicha baholash olib boramiz. Natijalarimiz
shuni ko ‘rsatadiki, neyron modellari ravonlik va kontekstual uyg ‘unlik bo ‘yicha yaxshi natijaga
erishgan bo ‘Isada, ko ‘pincha metaforalar konseptual tuzilmasi va pragmatik kuchini to ‘lig saqlay
olmaydi. Metaforalar tarjima sifatiga ta’sir etuvchi lingvistik omillar — madaniy xususiyatlar,
metaforik zichlik va sintaktik murakkablik — aniglanadi hamda metaforalarni yaxshiroq gayta
ishlash wusullari, jumladan, oldindan o ‘qitish strategiyalari, metafora-xabardor ma’lumotlar
to ‘plamlari va post-tahrir vositalari ko ‘rib chiqiladi. Shunday qilib, hozirgi cheklovlar va yaxshilash
imkoniyatlarini yoritish orqgali biz MT tizimlarining inson tilining eng ijodiy va konseptual jihatdan
boy unsurlaridan biri bilan ganday kurashishini chuqurroq tushunishga hissa qo ‘shamiz.

Kalit so“zlar: mashina tarjimasi, metafora, neyron mashina tarjimasi, badiiy til, tillararo
semantika.

Introduction

The last decade has witnessed rapid advancement in machine translation (MT) technology.
With the shift from statistical machine translation (SMT) to neural machine translation (NMT),
current state-of-the-art systems like Google Translate, DeepL, and Microsoft Translator have
achieved remarkable improvements in fluency, coherence, and general adequacy (Vaswani et al.,
2017; Bojar et al., 2018). Despite these developments, translating figurative language—particularly
metaphor—remains a formidable challenge.

Metaphors are central to human cognition and communication, shaping how we conceptualize
abstract domains through more concrete source domains (Lakoff & Johnson, 1980). Unlike literal
language, metaphorical expressions are not purely compositional. They are deeply influenced by
cultural context, conceptual mappings, and discourse conventions (Kdvecses, 2005). Translating
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metaphors involves not only finding semantic equivalents but also preserving connotative aspects,
cultural resonance, and the intended rhetorical effect on the reader (Newmark, 1988; Shuttleworth &
Cowie, 2014).

The complexity of metaphors poses questions about the capabilities of NMT systems.
Although neural models have displayed impressive pattern recognition abilities and have sometimes
surpassed SMT in capturing idiomatic expressions, metaphors often require more than superficial
pattern matching. They may demand reasoning about conceptual mappings, domain knowledge, or
discourse context. The scarcity of parallel corpora annotated for metaphor and the difficulty of
modeling non-literal meaning further complicate the challenge.

This article aims to evaluate the effectiveness of current MT systems in preserving
metaphorical expressions from source to target texts. We approach this task by integrating insights
from cognitive linguistics, translation studies, and natural language processing (NLP). After
reviewing the literature on metaphor and MT, we present an empirical study that assesses the
performance of three leading NMT systems on metaphor translation from English into French and
Chinese. We then discuss our findings and consider strategies for improving the handling of
metaphors in MT.

By shedding light on the current state of metaphor translation in MT, this study contributes to
ongoing efforts to enhance the quality of cross-linguistic communication facilitated by automated
systems. Ultimately, we argue that addressing the metaphor challenge will require more than
incremental model improvements; it will likely necessitate enriched training data, targeted model
architectures, and a better understanding of how conceptual and cultural knowledge can be integrated
into MT pipelines.

Literature Review

Metaphor, as conceptualized by Lakoff and Johnson (1980), is not merely a decorative
linguistic device but a fundamental cognitive mechanism that structures human thought. Common
conceptual metaphors like TIME IS MONEY or ARGUMENT IS WAR influence how people think,
reason, and communicate about abstract concepts. Metaphors manifest linguistically through varied
expressions, from conventional idioms (e.g., “in hot water””) to novel poetic images (e.g., “the sun
spilled gold across the horizon”).

Cross-linguistic studies show that while some conceptual metaphors are widely shared, others
are culturally specific (Kdvecses, 2005). This cultural specificity complicates translation. A metaphor
that is natural and easily interpretable in one language may be bizarre or meaningless in another if
the target culture does not share the conceptual mapping.

Translation scholars have long acknowledged the complexity of metaphor (Newmark, 1988;
Schiffner, 2004). Strategies for translating metaphor range from maintaining the original
metaphorical image to substituting it with a culturally relevant equivalent or even rendering it as a
simile or explicitation (Dickins, 2005). The decision often depends on the function of the metaphor
in the text, the target audience, and the translator’s assessment of pragmatic equivalence.

Human translators can rely on cultural knowledge, interpretive skills, and a lifetime of reading
to handle metaphors. They can identify when a metaphor is conventional, and thus likely to have a
known equivalent, or when it is novel and demands creative adaptation. Machine translation systems,
however, currently lack this rich cultural and conceptual grounding.

Early MT systems (rule-based and SMT) struggled with figurative language due to their
reliance on word-for-word mappings or statistical co-occurrences that did not capture deep semantic
relations (Koehn, 2010). The advent of NMT, particularly Transformer-based models (Vaswani et
al., 2017), improved the handling of context, reducing the frequency of glaring mistranslations. Yet,
research indicates that NMT systems still often fail to translate idiomatic and metaphorical
expressions accurately (Laubli & Sennrich, 2020).
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Some studies have evaluated MT performance on idioms and other figurative expressions
(Fadaee et al., 2018; Bannard & Callison-Burch, 2010). While idiomatic phrases—if sufficiently
frequent in training data—can be memorized and translated reasonably well by NMT, novel
metaphors or those that are rare and complex remain problematic. NMT models struggle with
metaphors that rely on specific cultural knowledge or that are syntactically ambiguous.

One explanation for the difficulty in metaphor translation lies in the conceptual blending
inherent in metaphor (Fauconnier & Turner, 2002). Translating a metaphor demands mapping not
only linguistic forms but also the conceptual domains involved. Neural models trained purely on text
corpora, without explicit semantic or conceptual representations, may capture correlations but fail to
establish conceptual mappings robustly.

Recent research attempts to incorporate external knowledge (Zhou et al., 2020), semantic
embeddings (Blevins et al., 2020), or metaphor identification modules (Shutova et al., 2013) into MT
pipelines. Although promising, these approaches remain at experimental stages.

Research Questions and Hypotheses

Given the complexity of metaphor and the known limitations of current MT systems, our study
addresses the following research questions:

1. RQ1: How effectively do state-of-the-art NMT systems preserve the metaphorical meaning
and impact of source language metaphors in target texts?

2. RQ2: What types of metaphors (conventional vs. novel, culturally specific vs. universal) are
more likely to be mistranslated or rendered literally?

3. RQ3: Can pre-editing (simplifying or annotating source metaphors) or post-editing
strategies improve the quality of metaphor translation?

We hypothesize that:

o NMT systems will often fail to preserve the conceptual integrity of metaphors, frequently
opting for literal translations or weak approximations.

o Conventional metaphors may fare better, as they occur more frequently in training data,
while novel and culturally specific metaphors will present greater difficulties.

o Pre-editing or providing metaphor-awareness signals may enhance MT performance on
these expressions.

Methodology

We constructed a parallel corpus of English source texts and their French and Chinese target
translations. The source texts included literary excerpts, opinion editorials, and cultural essays rich in
metaphorical expressions. We drew on public-domain English literary works available through
Project Gutenberg, as well as contemporary newspaper editorials from The Guardian and The New
York Times. For each English text, two professional human translators produced high-quality French
and Chinese versions.

We then annotated the English texts for metaphorical expressions. Two trained annotators,
guided by MIPVU (Metaphor Identification Procedure VU University; Steen et al., 2010), identified
metaphorical lexical units and categorized them as conventional (e.g., “light at the end of the tunnel”)
or novel (e.g., “hope blossomed between the cracks of despair”). They also noted whether the
metaphors seemed culturally specific or potentially universal.

The resulting dataset comprised ~2000 metaphorical instances spanning ~350 texts. Each
metaphor was documented with its context, annotation of type, and corresponding human translations
into French and Chinese.

We selected three leading NMT systems for evaluation: Google Translate (Transformer-
based), DeepL (Transformer-based), and a custom-trained Transformer model built using OpenNMT
(Kleinetal., 2017) with large bilingual corpora (Common Crawl, Europarl, UN Parallel Corpus) fine-
tuned on literary and journalistic data. The custom model’s training served as a baseline and testbed
for targeted improvements.

250



/The Lingua Spectrum The Lingua Spectrum
Cogito, etgo dumt

Volume 3. November 2024

For each source text, we fed the English version into the three systems, producing French and
Chinese MT outputs. We ensured no direct overlap between the training and test sets in the custom
model and verified that the texts were not contemporary bestsellers likely included in Google or
DeepL training.

We employed both quantitative and qualitative evaluation methods.

Quantitative Metrics:

o BLEU (Papineni etal., 2002) and chrF++ (Popovi¢, 2017) scores assessed general translation
quality.

e Metaphor Preservation Rate (MPR): A custom metric counting how often metaphors were
translated into a form recognized as metaphorical by native speaker judges.

e Metaphor Adequacy (MA): A rating (1-5) assigned by bilingual judges indicating how
faithfully the target metaphor captured the source meaning and effect.

A panel of professional translators and linguists conducted a qualitative analysis. They
examined a subset of metaphors to determine if the target text preserved conceptual mappings,
cultural connotations, and stylistic force. Their notes provided insights into the types of errors and
their possible causes.

To address RQ3, we conducted follow-up experiments:

o Pre-editing: We marked metaphorical expressions in the source text with a special token or
provided a brief gloss.

o Post-editing: Professional translators revised the NMT outputs, focusing on repairing
metaphor translations.

Comparing MPR and MA before and after these interventions allowed us to gauge the
potential of such strategies.

Results

All three NMT systems produced fluent and grammatically coherent translations, as indicated
by BLEU and chrF++ scores in the range of 30-45 for French and 25-40 for Chinese (depending on
text domain). However, these general metrics masked the performance on metaphors.

MPR revealed significant challenges: on average, only about 35% of source metaphors were
rendered as recognizable metaphors in French, and about 30% in Chinese. The remainder were either
translated literally (rendering the metaphors meaningless or absurd) or replaced with bland
paraphrases that lost metaphorical force.

MA scores corroborated these findings. On a 1-5 scale (5 being an excellent preservation of
metaphorical meaning), the average MA hovered around 2.5 for French and 2.3 for Chinese. This
indicates that while partial adequacy was sometimes achieved, true equivalence was rare.

Conventional metaphors fared better than novel ones. For English-French, conventional
metaphors achieved an MPR of ~45%, while novel metaphors were preserved only about 25% of the
time. Similarly, for English-Chinese, conventional metaphors reached ~40% MPR, with novel
metaphors lagging at ~20%.

This supports the hypothesis that frequency and familiarity help NMT systems. Conventional
metaphors, being more common, likely appear in training data, allowing models to memorize or learn
their idiomatic translations.

Metaphors tied to Anglo-American cultural references (e.g., “breaking through the glass
ceiling,” “melting pot”) were particularly challenging. The NMT outputs often produced literal
translations, leaving French or Chinese readers puzzled. By contrast, metaphors grounded in more
universal imagery (“the seed of an idea,” “stormy emotions”) sometimes transferred more smoothly.

This pattern suggests that when the target culture lacks a corresponding conceptual mapping,
the NMT system fails to adapt. Human translators, on the other hand, often replaced culturally
specific metaphors with culturally appropriate equivalents or explanations.
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Pre-editing the source text by marking metaphors improved the MPR by about 10% and
increased MA by about 0.5 points on average. The annotated versions signaled to the model that a
given phrase was metaphorical, prompting it to search for figurative equivalents rather than literal
translations.

Post-editing by a human expert improved MA drastically, raising average scores from ~2.5 to
~4.0. This confirms that professional intervention can correct metaphor translation errors efficiently,
albeit at a cost in time and labor.

Discussion

Our findings affirm the commonly observed weakness of current NMT systems in handling
metaphor. Despite impressive gains in general translation quality, metaphors remain a blind spot. The
reasons are multifaceted:

1. Lack of Direct Training Signals: NMT models are trained on massive parallel corpora where
metaphors are not specifically annotated. The models learn statistical patterns rather than
conceptual mappings, making them prone to literal translations.

2. Cultural and Contextual Dependence: Metaphors often depend on cultural schemas.
Without explicit cultural and conceptual grounding, models cannot easily replace a culturally
bound metaphor with an equivalent that resonates in the target culture.

3. Rarity and Sparsity: Novel metaphors are sparse. Data-driven models struggle to handle
low-frequency patterns, and novel metaphors may never have appeared in training data.
These challenges highlight the gap between formal linguistic equivalence and conceptual

equivalence. Preserving metaphor is not just about translating words but about transferring a
conceptual structure and its emotional or cognitive effect.

Our experiments with pre-editing suggest a route forward. By signaling to the system that a
phrase is metaphorical, we guide it to seek figurative rather than literal equivalents. Future research
could integrate metaphor detection models (Shutova et al., 2013) upstream of the translation pipeline
to automate this step.

Post-editing shows that human expertise can correct metaphor errors. Yet, relying on human
post-editing defeats the fully automated ideal. As MT systems evolve, hybrid workflows that combine
automatic translation with targeted human input may offer a practical solution for high-stakes texts.

Another promising avenue involves integrating external semantic knowledge and metaphor
databases (MetaNet, The Metaphor Map) into NMT models. If the system can recognize a source
metaphor’s conceptual domain (e.g., love is a journey) and retrieve a known target-language
metaphor from a knowledge base, it might produce more accurate translations.

Moreover, recent advances in large language models (LLMs) suggest that models with
broader world knowledge might handle figurative language better. However, LLM-based approaches
would need careful evaluation since large-scale pre-training does not guarantee accurate metaphor
translation, especially if cultural mappings differ significantly.

Cultural Competence and Multimodal Context

Adding a cultural competence layer, possibly through meta-linguistic signals or region-
specific model adaptations, could improve metaphor handling. Additionally, if future MT systems
have access to multimodal cues (images, videos) or interactive environments, they might form deeper
conceptual associations. For instance, visually grounded models might learn that “blue mood”
correlates with sadness imagery rather than a literal blue color.

Our study focused on English as the source language and evaluated translations into French
and Chinese. While these pairs reflect linguistic diversity (a Romance language and a Sino-Tibetan
language), future research should examine other language pairs, including those with radically
different typologies or cultural schemas (e.g., English-Arabic, English-Japanese).

Additionally, our study relied on professional human translations as reference texts. While
this is a reasonable gold standard, the creative nature of metaphor translation means there can be
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multiple acceptable solutions. Future research might employ multiple reference translations or crowd-
sourced evaluations to capture a range of acceptable metaphorical equivalents.

Finally, we did not explore the full potential of fine-tuning NMT models on metaphor-rich
parallel corpora. A dedicated metaphor-aware training corpus could significantly improve
performance. Further work might involve training specialized metaphor translation models or jointly
learning metaphor identification and translation tasks.

Conclusion

Machine translation has made striking advances, yet the translation of metaphor remains a
challenging frontier. Our study confirms that even advanced NMT systems struggle to preserve the
conceptual force and cultural resonance of metaphorical expressions, often defaulting to literal
interpretations or semantically weakened paraphrases.

Nonetheless, this research also points to possible solutions. By integrating metaphor-
awareness into the MT pipeline—through pre-editing, metaphor detection, external knowledge bases,
and cultural adaptation—future models may move closer to human-level metaphor translation. Given
the importance of metaphor in literature, journalism, advertising, and cross-cultural communication,
improving MT’s handling of metaphors is a crucial step in enhancing the quality and subtlety of
automated translations.

As the field progresses, bridging the gap between current MT capabilities and the intricate
conceptual world of metaphors will be a test of how well we can encode, model, and transfer the
richness of human thought across linguistic and cultural boundaries.
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