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Abstract

Large language models (LLMs) have shown

superior capabilities in translating figurative

language compared to neural machine transla­

tion (NMT) systems. However, the impact of

different prompting methods and LLM­NMT

combinations on idiom translation has yet to be

thoroughly investigated. This paper introduces

two parallel datasets of sentences containing id­

iomatic expressions for Persian→English and

English→Persian translations, with Persian id­

ioms sampled from our PersianIdioms resource,

a collection of 2,200 idioms and their mean­

ings, with 700 including usage examples. Using

these datasets, we evaluate various open­ and

closed­source LLMs, NMT models, and their

combinations. Translation quality is assessed

through idiom translation accuracy and fluency.

We also find that automatic evaluation methods

like LLM­as­a­judge, BLEU, and BERTScore

are effective for comparing different aspects

of model performance. Our experiments re­

veal that Claude­3.5­Sonnet delivers outstand­

ing results in both translation directions. For

English→Persian, combining weaker LLMs

with Google Translate improves results, while

Persian→English translations benefit from sin­

gle prompts for simpler models and complex

prompts for advanced ones.1

1 Introduction

An idiom is a phrase or expression with a figura­

tive meaning distinct from its literal interpretation.

Idioms are commonly used in everyday language

to convey ideas more vividly and often originate

from cultural, historical, or social contexts, making

them specific to particular languages or regions. Id­

iomatic expressions present significant challenges

for NLP, particularly in translating between cultur­

ally distinct languages such as Persian and English.

* Equal contribution.
1Datasets and evaluation guide available at https://

github.com/Sara­Rezaeimanesh/Fa­En­Idiom­Translation

Despite their prevalence in spoken language,

state­of­the­art machine translation (MT) models

struggle with translating idioms, often rendering

them literally as compositional expressions (Rau­

nak et al., 2023; Dankers et al., 2022). Early MT

efforts attempted to address this problem using id­

iom dictionaries or direct substitution (Salton et al.,

2014; Nagao, 1984). However, idioms evolve and

vary by context, and even identical meanings can re­

quire different translations. For example, the idiom

“Keep at bay” has a different contextual meaning in

the following sentences: (i) “The infection is kept

at bay.” meaning: “The infection is under control.”

(ii) “The fire keeps the wolves at bay.” meaning:

“The fire keeps the wolves away.”

Recent large language models (LLMs) have en­

abled improvements in idiom translation compared

to NMT models (Raunak et al., 2023), due to their

higher tendency towards non­literalness (Raunak

et al., 2023) and greater paraphrastic capability

(Hendy et al., 2023). However, no research has

yet compared the performance of LLMs across dif­

ferent prompts, prompting techniques, and in com­

bination with NMT models.

In this research, focusing on Persian­English

translation, we try to fill several gaps. Since

Persian datasets are limited in this context, we

first introduce a comprehensive resource for id­

iomatic expressions in Persian (PersianIdioms).

This resource captures idiomatic expressions and

their meanings, including contextual usage exam­

ples. Additionally, we produce two parallel En→Fa

and Fa→En datasets, each consisting of 200 sen­

tences containing English and Persian idiomatic

expressions. We then use these datasets to eval­

uate the performance of open­source—Qwen­2.5­

72B (Team, 2024) and Command R+ (Cohere For

AI, 2024)—, and closed­source—GPT­3.5 (Ope­

nAI, 2023), GPT­4o­mini (OpenAI et al., 2024)

and Claude­3.5­Sonnet (Anthropic, 2024)— LLMs,

open­source—NLLB­200­3.3b (Team et al., 2022),
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MADLAD­400­10b (Kudugunta et al., 2023)—and

closed­source— Google Translate— NMT models,

and a combination of them in idiom translation

across various settings.

We manually assess translation quality using two

metrics, idiom translation and fluency. Then, we

explore suitable replacements for manual evalua­

tion by calculating the correlation between scores

from existing automatic evaluation approaches and

manually obtained scores.

In summary, our main contributions are as fol­

lows. (i) PersianIdioms, a new resource for Persian

idioms which includes about 2,200 idioms and their

meanings—a resource that previously did not exist

for Persian. A subset of 700 idioms also includes

example usages. (ii) Parallel Fa→En and En→Fa

datasets each containing 200 examples with at least

one idiom. The Persian sentences are sourced from

PersianIdioms, while the English sentences are pri­

marily drawn from EPIE (Saxena and Paul, 2020)

and MAGPIE (Xu et al., 2024). (iii) A compre­

hensive comparison of human evaluations versus

LLMs­as­a­judge, and existing automatic evalu­

ation methods in assessing translation quality of

sentences containing idiomatic expressions. (iv)

An evaluation of different prompting methods and

a combination of LLMs and NMTmodels on idiom

translation, highlighting their performance differ­

ences between Fa→En and En→Fa.

2 Related work

2.1 Idiom datasets

Xu et al. (2024) present the largest English idiom

corpus to date, containing over 50K instances, by

using a fixed idiom list, automatic pre­extraction,

and a controlled crowdsourced annotation process.

Saxena and Paul (2020) compile the EPIE dataset

of sentences containing highly occurring English

idioms and idioms using StringNet. Kabra et al.

(2023) create the MABL dataset covering the fig­

urative language from 7 typologically diverse lan­

guages, highlighting cultural and linguistic varia­

tions. Liu et al. (2023) investigate the ability of

multilingual language models (mLLMs) to reason

with cultural common ground by using idioms and

sayings as a proxy. They construct a new dataset

called MAPS, covering 6 languages with idioms,

conversational usages, interpretations, and figura­

tive labels. Li et al. (2024) present a methodology

for constructing a large­scale, multilingual idiom

knowledge base by distilling figurative meanings

from language models. Liu et al. (2022) introduce

Fig­QA, a new task to test language models’ ability

to interpret figurative language. They crowdsource

a dataset of over 10k paired metaphorical phrases

with opposite meanings and literal interpretations.

These works demonstrate techniques for com­

piling figurative language data across multiple lan­

guages. However, they are focused on English or

non­Persian languages, leaving a gap for a large­

scale Persian idiom dataset. This research applies

similar techniques of utilizing existing resources

and language model generation to create idiom data

specifically for Persian.

2.2 Translation and LLMs

Jiao et al. (2023) demonstrate that ChatGPT com­

petes well with translation services like Google

Translate for high­resource European languages but

struggles with low­resource or distant languages.

Moslem et al. (2023) evaluate the performance of

GPT­3.5 and GPT­4’ in adaptive MT, comparing it

to strong MT systems and show that GPT­3.5 ex­

cels in high­resource languages but struggles with

low­resource ones, where traditional models per­

form better. Hendy et al. (2023) suggest that the

increased tendency for paraphrasing in GPT trans­

lations could assist NMT models in translating fig­

urative language. We validate this hypothesis em­

pirically in our paper in the case of English and

Persian translations. Yamada (2024) offers two

prompts aimed at enhancing the quality of transla­

tions generated by ChatGPT. We assess and con­

trast these prompts with our approaches. Raunak

et al. (2023) propose novel evaluation metrics for

measuring translation literalness and compare the

performance of GPTmodels and NMTmodels in id­

iom translation, finding that translations produced

by GPT models are generally less literal. Several

other studies have been dedicated to comparing

the performance of different LLMs and NMT mod­

els for different languages (Castaldo et al., 2024;

Zhu et al., 2024; Tang et al., 2024). Others have

aimed to enhance LLM idiom translation through

fine­tuning (Stap et al., 2024) and augmenting them

with knowledge bases (Li et al., 2024).

However, these efforts primarily focus on indi­

vidual model performances, overlooking the effects

of more complex prompting techniques and the po­

tential advantages of combining these models. Ad­

ditionally, idiom translation between English and

Persian remains underexplored. This work aims to

fill these gaps.
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3 Datasets

3.1 PersianIdioms

Our data collection begins with extracting Persian

idioms and their meanings from an online dictio­

nary called Abadis2. For each idiom, we also gath­

ered usage examples, sourced from user­generated

examples in Abadis, to provide contextual clarity.

These examples are crucial for future testing of

language models, allowing them to learn from id­

iomatic expressions in use. This comprehensive

dataset of Persian idioms, their meanings, and con­

textual usage examples has never existed before,

making it a valuable resource for the development

and evaluation of language models for Persian.

Data verification Once the dataset is collected,

it undergoes a thorough cleaning process. Native

Persian speakers review the idioms, verifying the

accuracy of their meanings, their cultural relevance,

and the appropriateness of the usage examples. The

resulting dataset comprises 2,200 idiom­meaning

pairs, with 700 idioms enriched with contextual

examples. This dataset highlights the richness and

complexity of Persian idiomatic expressions and

serves as a valuable resource for advancing NLP re­

search in interpreting culturally nuanced language.

3.2 Translation datasets

Fa→En To ensure representativeness, we sort

the idioms containing contextual examples in our

PersianIdioms dataset by the number of Google

searches and randomly select 200 samples using

a uniform distribution. These selected idioms are

then manually reviewed to exclude any that are

outdated or rarely used. Additionally, we refine the

samples to ensure they contain only a single idiom,

simplifying complex expressions when necessary.

Finally, an expert translator produces the English

translations, which are then reviewed and validated

by another expert. Table 1 shows an example of

our dataset.

En→Fa In the initial data collection phase, we

attempted to identify sentences containing id­

iomatic expressions from existing En→Fa paral­

lel resources. However, we found that the Per­

sian translations in these datasets were either auto­

matically generated, derived from translations of

English literature into Persian (Kashefi, 2020), or

2https://abadis.ir/ (The Abadis website mentions that using
the entries of this dictionary is permitted, if the resource is
cited.)

Idiom یرایخغودبا
Meaning لذتبم/هداتفااپشیپ
Meaning in English low quality/tasteless

Example یاپهمهنوشهنوخمریمتقوره
نیازایکینرادوناهتسشننویزیولت
یماشامتوریرایخغودبایاهملیف

.ننک

Gold translation Every time I go to their house,
everyone is sitting in front of
the TV watching one of those
low­quality movies.

Table 1: An example from the Fa→En dataset

sourced fromWikipedia (Karimi et al., 2019). Each

of these approaches poses significant challenges to

our research objectives. Automatic translation by

NMT models, often produces inaccurate results, es­

pecially for figurative language, which is the focus

of this study. Literary translations tend to incorpo­

rate contextual references, such as character names,

or modify sentence structures and meaning to en­

hance fluency in the target language. Wikipedia­

sourced sentences lack complex, culturally specific

idioms and primarily feature easily translatable ex­

pressions like “under pressure”.

Given these limitations, we opt for manual data

collection. Drawing primarily from the EPIE and

MAGPIE datasets, we carefully select sentences

that emphasize the challenges of translating id­

iomatic expressions, rather than overall sentence

structure and exclude outdated idioms. A proficient

translator then produces Persian renditions of these

selected sentences, followed by a review and valida­

tion process conducted by another qualified expert.

The result of these efforts is a dataset comprising

200 pairs of English sentences and their Persian

translations.

4 Methodology

4.1 Translation

We use NMTmodels, LLMs, and a hybrid approach

combining LLMs and NMT models to generate

translations. The hybrid approach first guides the

LLM to identify and replace idioms with literal

expressions, and then applies NMT to translate the

resulting text into the target language.

The prompts used for LLMs in En→Fa trans­

lation are shown in Table 2. The second single

prompt is taken from the prompts presented in Ya­

mada (2024). Fa→En prompts replace “English”

with “Persian” and vice versa, and “American” with

“Iranian”. Accordingly, we consider five prompts
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grouped into three categories: (i) SinglePrompt:

three single prompts (ii) CoTPrompt: one chain of

thought (CoT) prompt, and (iii) MultiPrompt: Mul­

tiple prompts that break down a single prompt into

multiple independent steps. In the CoT setup, the

three steps are provided as separate prompts, with

each step and the model’s response carried forward

as chat history for the subsequent step. In contrast,

the third category eliminates the reliance on chat

history by using two independent prompts, where

the answer to the first prompt is embedded within

the second prompt itself. Initially, we experimented

with a single prompt encompassing all three CoT

steps. However, manual evaluation revealed that

breaking the process into multiple prompts signif­

icantly improves the model’s ability to follow the

instructions accurately.

SinglePrompt
Translate this sentence to Persian.
Translate the following English text
into Persian. Use natural expressions
that can be understood by Persian
speakers, unfamiliar with American
Culture.
Translate the following English text
into Persian. Avoid word­for­word
translations.

CoTPrompt 1) Identify the idioms in this sen­
tence. 2) Replace the idioms with
literal clauses. 3) Translate the literal
sentence to Persian. Avoid word­for­
word translation.

MultiPrompt Identify the idioms in this sentence
and replace them with literal clauses.
2) Translate this literal sentence to
Persian. Avoid word­for­word trans­
lation.

Table 2: LLM Prompts used for En→Fa translation.

4.2 Manual evaluation

Using the MQM evaluation framework (Lommel

et al., 2014), we devise two independent evalua­

tion metrics: fluency and idiom translation. Id­

iom translation, a binary metric (0 or 1), assesses

whether the translation preserves the idiom’s mean­

ing within the context of the sentence. Fluency,

rated from 1 to 5, evaluates the syntactic and se­

mantic correctness of the translation, assuming the

idiom is correctly translated. Idiom translation fo­

cuses solely on semantic accuracy, with any gram­

matical errors in idiom translation affecting only the

fluency score and not the idiom translation score.

We distill adequacy down to idiom translation

for two reasons. First, our dataset consists of single

sentences, that shift the translation challenge to the

idiom itself. Therefore, the semantic accuracy of

the entire sentence usually depends on the semantic

accuracy of the idiom translation. Second, idioms

are the core of this study, and we aim to improve

idiom translation without compromising overall

performance. Thus, occasional non­idiom­related

semantic errors only affect fluency scores.

We chose binary labels over a 1­5 scale for idiom

translation since idioms, being short phrases, rarely

have partially correct translations. While a 1­5 scale

might reflect how closely a translation aligns with

the intended meaning, it is subjective and heavily

influenced by factors like cross­linguistic transfer­

ability and the reader’s interpretation. Meanwhile,

the binary label simply checks whether the meaning

of the idiom is correctly conveyed, which simplifies

the evaluation process and makes the assessment

more objective. If the translation of the idiom pre­

serves its meaning but sounds unnatural, it is treated

as a fluency issue, not an idiom translation error.

4.3 Automatic evaluation

Manual evaluation is labor­intensive and time­

consuming, making automation a valuable step to­

ward streamlining idiom translation research. We

experiment with several standard automatic met­

rics and methods, as well as LLM as judges, and

calculate Spearman’s correlation between manual

and automatic scores. The automatic metrics with

the highest correlation are chosen as the best fits for

ranking idiom translation performance and fluency

of model outputs.

Existing automatic evaluation metrics We use

BLEU (Papineni et al., 2002), BERTScore (Zhang

et al., 2020), and COMET (Rei et al., 2020) as

standard evaluation metrics for translation tasks.

GPT­4o We follow the LLM­as­a­judge trend, us­

ing single­answer and reference­guided grading as

in (Zheng et al., 2023; Li et al., 2024) and GPT­4o.

For En→Fa, we used the prompt “Is the idiom in

this sentence correctly translated into English/Per­

sian? Answer with just a number: 1 for yes and 0

for no. idiom: <idiom>, sentence: <reference>’,

translation: <model translation>”. For translating

from Persian, a lower resource language, including

a gold translation as a reference, improves correla­

tion, helping the model better assess the accuracy of

idiom translations by providing additional guidance.

However, for En→Fa, GPT­4o assigns a score of

1 only to translations closely resembling the gold
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standard, leading to false negatives due to the flex­

ibility of idiom rewrites. We also provide three

examples to emphasize the importance of accurate

idiom translation and set the temperature hyperpa­

rameter to 0.1 to minimize response variations.

5 Experimental setup and results

5.1 Translation models and prompts

We generate translations using various open­

and closed­source NMT models (NLLB­200­3.3b,

MADLAD­400­10b, Google Translate3), LLMs

(GPT­3.5­turbo, QWEN­2.5­72b, Command R+­

104b, GPT­4o­mini, Claude­3.5­Sonnet), and the

combination of these LLMs and NMT models.4.

For LLMs, we set the temperature to 0.8 to re­

duce response variability while preserving some

creative freedom. To prevent this variation from

skewing evaluations, we ran our experiments with

GPT models multiple times. Although individual

sentence scores fluctuated between runs, the overall

score remained consistent or changed only slightly,

confirming that response variation does not signifi­

cantly affect the final evaluation results.

5.2 Manual evaluation results

We compute inter­annotator agreement for the met­

rics introduced in Section 4.2. Three native Persian­

speaking MSc students (some of them are the au­

thors), fluent in English, were given detailed eval­

uation guidelines with examples and tasked with

manually scoring the first 100 sentences from seven

outputs generated by GPT­3.5, Google Translate,

and their combination. The GPT­3.5 outputs are

produced using the prompts outlined in Section 4.1.

Idiom translation labels are decided by majority

vote, and fluency scores are averaged across an­

notators’ ratings. We also assess inter­annotator

agreement for both idiom translation and fluency

to ensure reliability.

Fluency scores are highly skewed, with most

labels falling between 3 and 5, and the 1–5 scale

being inherently subjective. Consequently, met­

rics like Fleiss’ Kappa may overestimate chance

agreement, leading to a pessimistic assessment of

inter­annotator agreement. To mitigate this, we use

Gwet’s AC1 (Gwet, 2008), which is less sensitive

3We use the term NMT to refer to systems specializing in
Machine Translation in general as opposed to general purpose
models like LLMs.

4We utilized the OpenAI API and https://openrouter.ai/ to
access these models, incurring an approximate cost of $60 in
total for API usage.

to label prevalence and better suited for subjective

tasks. In contrast, idiom translation labels are more

objective and clearly defined, making Fleiss’Kappa

appropriate for assessing inter­annotator agreement.

We also report observed fluency agreement based

on a 1­point difference threshold and observed id­

iom translation agreement based on the proportion

of sentences with matching idiom translation labels.

Table 3 shows the inter­annotator agreement

scores. For idiom translation, annotators align well

in both directions, with Kappa exceeding 0.6 and

high observed agreement. Fluency scores show

moderate agreement based on Gwet’s AC1, with

a slightly higher score for Persian. The high ob­

served accuracy further supports the reliability of

these ratings. Given the task’s subjectivity and com­

plexity, these fluency agreement levels are accept­

able. (Castilho, 2020) also shows that for fluency,

inter­annotator agreement tends to be slight to fair.

Agreement
Models En­Fa Fa­En

Fluency (Gwen­AC1) .45 .54
Fluency (Observed) .84 .83
Idiom Translation (Fleiss Kappa) .63 .68
Idiom Translation (Observed) .74 .73

Table 3: Inter­annotator agreement for fluency and

idiom­translation

5.3 Reliability of automatic evaluation metrics

Table 4 shows the correlations between manual and

automatic evaluation scores for the seven manu­

ally evaluated model outputs. To focus on over­

all model performance, correlations are computed

using the aggregated scores of the first 100 sen­

tences from each model output (e.g., average flu­

ency and the percentage of correctly translated id­

ioms), rather than individual sentence scores. Con­

sequently, each metric produces a list of seven ag­

gregate scores, corresponding to the seven manu­

ally evaluated outputs. As an example, the follow­

ing two arrays contain the idiom translation and

GPT­4o scores of seven different model outputs for

Fa→En: Idiom Translation = [.36, .26, .22, .31, .41,

.43, .52] and GPT­4o = [.34, .17, .33, .36, .53, .51,

.46]. We report Spearman’s correlation of these two

arrays as the correlation between idiom translation

and GPT­4o scores in Table 4 (i.e., 0.79).

Although the sample size for correlations is

small, using aggregated scores from various se­

tups reduces noise and highlights meaningful trends.
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The metrics also show consistent results across both

translation directions, underscoring their reliability.

Based on Table 4, GPT­4o scores show the high­

est correlation with idiom translation in both di­

rections, highlighting the model’s strong grasp of

idioms in Persian and English. As expected, the

correlation is higher for English→Persian, indicat­

ing that GPT­4o is more adept at identifying and

interpreting English idioms than Persian ones.

In both translation directions, BLEU penalizes

non­literal translations, while COMET exhibits a

stronger correlation with idiom translation com­

pared to BLEU and BERTScore. This is likely due

to its consideration of both the source sentence and

gold translation, which reduces its correlation with

fluency, especially in En→Fa. A more in­depth

analysis of these metrics and their behavior is de­

ferred to future work. Similar to human evaluations

for fluency, BLEU and BERTScore favor Google

Translate, despite its tendency to translate most id­

ioms literally. Given that idioms are usually brief

phrases that constitute a small part of the sentence,

minimal paraphrasing often yields higher BLEU

and BERT scores, as the majority of the produced

translation remains closer to the gold reference. Fur­

thermore, correctly translated idioms might still

differ from the gold translation and fail to score

higher than literal translations. This explains why

fluency, a metric independent of idiom translation,

continues to exhibit a high correlation with these

other metrics.

Interestingly, the correlation between BLEU and

fluency for Fa→En translations is lower compared

to En→Fa. This suggests that Fa→En transla­

tion may involve more paraphrasing and structural

changes. However, these correlations are not strong

enough to draw definitive conclusions.

Ultimately, the correlations show that for

En→Fa, BLEU, and GPT­4o, and for Fa→En,

BERTScore, and GPT­4o are well­suited for rank­

ing fluency and idiom translation performance of

model outputs, respectively.

We further examine GPT­4o’s performance as a

judge by calculating the agreement percentage be­

tween manually obtained idiom translation scores

and GPT­4o labels. Table 5 compares the average

agreement between human annotator pairs and be­

tween GPT­4o and each annotator. The agreement

between GPT­4o and human annotators approaches

the average inter­annotator agreement, suggesting

that GPT­4o performs comparably to humans and

can serve as a reliable evaluation tool for idiom

Metric COMET BERTScore BLEU GPT­4o

En→Fa
Fluency .17 .89 .96 ­.35

IdiomT .63 .18 ­.03 .88

Fa→En
Fluency .72 .88 .67 .15

IdiomT .53 .25 ­.03 .79

Table 4: Spearman’s Correlation between results ob­

tained from automatic and manual evaluation for

En→FA and Fa→En. The best correlation for each row

is in bold. IdiomT:idiomtranslation

Human GPT­4o

En→Fa Human .81 .76

Fa→En Human .73 .71

Table 5: Average agreement % on idiom translation

between human annotators and GPT­4o.

translation. Our manual inspections show that GPT­

4o tends to slightly underestimate model perfor­

mance, sometimes labeling idiom translations as in­

correct when they involve significant paraphrasing

or due to errors elsewhere in the sentence. Nonethe­

less, as the correlations and agreements indicate,

it remains a reliable tool for ranking model perfor­

mance in idiom translation.

5.4 Comprehensive evaluation: En→Fa

The left side of Table 6 presents the results for

En→Fa translation. As discussed in Section 5.3

BLEU and GPT­4o scores are the most suitable

metrics for ranking model performance in terms

of fluency and idiom translation in this direction

and will be the primary focus of this section. It is

important to note that n­gram­based metrics like

BLEU are ill­suited for figurative language since

they prioritize exact matches over semantic simi­

larity, explaining the low BLEU scores even when

other metrics indicate better performance. Never­

theless, BLEU remains a useful metric for ranking

model performance based on fluency, as shown by

its Spearman correlation.

Best models Claude­3.5­Sonnet achieves the

highest BLEU in the SinglePrompt and the high­

est GPT­4o score in the CoTPrompt setup, making

it the most effective model overall. Our manual

inspections reveal that this model not only excels

in accurately identifying and understanding idioms

but also finds suitable Persian idiom replacements,

contributing to its strong translation capabilities.
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En→Fa Fa→En
COMET BERTScore BLEU GPT4o COMET BERTScore BLEU GPT4o

GPT­3.5r SinglePrompt1 82.6 82.3 11.9 63.5 75.3 93.5 23.2 36.0r SinglePrompt2 82.7 81.6 8.6 65.0 74.8 93.1 20.6 40.0r SinglePrompt3 83.0 82.3 11.1 65.5 74.8 93.1 21.8 43.0rCoTPrompt 82.1 81.2 8.3 68.0 72.4 92.6 19.3 29.0rMultiPrompt 81.4 80.7 7.9 72.0 71.6 92.6 18.4 30.0r +GT 85.1 84.6 19.3 79.0 74.5 92.8 25.3 25.0r +NLLB 81.5 78.8 9.3 64.0 73.1 92.6 20.9 26.0r +Madlad 80.8 77.2 10.0 63.5 73.7 92.6 21.7 25.0

Qwen 2.5 72Br SinglePrompt1 82.6 84.3 14.7 66.0 75.3 93.5 26.4 35.0r SinglePrompt2 83.0 82.1 13.4 72.0 76.5 93.4 23.8 41.5r SinglePrompt3 83.0 81.8 12.2 74.5 76.5 93.6 25.4 39.5rCoTPrompt 80.0 79.5 7.2 72.5 75.8 93.6 27.2 34.5rMultiPrompt 80.5 80.1 9.2 74.0 76.7 93.7 26.5 35.5r +GT 84.2 83.7 17.9 88.0 74.0 93.0 24.6 30.0r +NLLB 81.2 78.9 8.5 65.5 72.2 92.3 19.3 24.0r +Madlad 80.7 77.3 10.0 70.5 70.1 91.8 17.5 16.5

GPT4o­minir SinglePrompt1 85.0 84.5 18.7 85.0 77.16 94.2 29.6 52.0r SinglePrompt2 85.5 84.5 19.9 90.0 79.4 94.4 27.0 56.0r SinglePrompt3 85.8 84.6 16.5 87.5 79.6 94.3 26.3 62.0rCoTPrompt 84.5 83.2 15.1 90.5 79 93.9 25.0 52.5rMultiPrompt 83.9 83.1 15.7 91.0 78.9 94.0 30.0 55.5r +GT 84.7 84.0 17.3 87.0 79.0 93.7 26.9 54.0r +NLLB 80.8 78.4 8.5 64.0 75.5 92.7 18.9 36.0r +Madlad 80.4 76.6 8.5 65.0 73.5 92.2 17.1 31.0

Command R+r SinglePrompt1 83.2 82.2 12.2 78.5 75.0 93.0 21.1 55.5r SinglePrompt2 82.6 81.5 10.5 75.0 76.7 93.2 21.0 57.0r SinglePrompt3 83.3 81.6 10.1 83.5 75.8 92.2 14.7 52.5rCoTPrompt 78.7 78.8 6.9 69.5 70.9 91.3 13.8 60.5rMultiPrompt 79.3 78.5 5.9 70.0 74.5 92.3 15.1 55.5r +GT 84.4 83.9 17.7 81.5 77.4 93.3 23.6 57.0r +NLLB 80.6 78.4 8.3 56.0 75.1 92.5 18.2 37.0r +Madlad 80.0 76.4 9.4 66.0 72.6 92.0 16.1 30.5

Claude 3.5 Sonnetr SinglePrompt1 85.1 84.6 21.1 91.0 79.7 94.6 32.1 68.0r SinglePrompt2 85.6 84.5 19.9 93.0 78.9 94.3 25.9 71.0r SinglePrompt3 86.0 84.4 20.8 93.5 79.2 94.3 24.7 70.5rCoTPrompt 84.3 82.9 15.3 94.0 82.1 94.4 24.2 74.0rMultiPrompt 83.5 82.9 17.0 92.5 82.8 94.8 29.8 75.0r +GT 84.7 84.2 18.5 92.0 77.4 93.3 23.6 61.0r +NLLB 81.4 79.3 9.9 70.0 77.6 93.3 21.3 50.5r +Madlad 81.2 77.9 10.7 72.5 76.4 93.1 20.3 45.5

Google Translate (GT)rDirect Translation 81.1 83.7 17.6 52.0 73.9 93.1 26.1 21.0

NLLB­200­3.3brDirect Translation 77.4 77.0 7.3 34.0 70.5 92.2 19.3 18.0

MADLAD­400­10brDirect Translation 78.1 75.2 8.6 54.5 72.2 92.4 19.4 22.0

Table 6: Automatic evaluation results for different models and setups tested on 200 samples. For each translation

direction, the highest scores for each metric across all models are underlined, while the highest scores within each

model are in bold.

Prompt performance Across all models in the

SinglePrompt setup, the second and third prompts

consistently outperform the first. The first prompt

simply requests a sentence translation, increasing

the likelihood of literal idiom translations. In con­

trast, the second and third prompts provide more

guidance, reducing literal translations but slightly

compromising fluency.
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En→Fa Translation Fa→En Translation

Sentence Poor Mrs has lots of children and they were driving her

up the wall!

ارهمهدیسرسکرههبواامامدزواهبارملدفرحومدرکدامتعانم

تخیرهریادیور
Gold Translation !دندرکیمرطاخهدرزآارواهکدرادیدایزیاههچبهراچیبمناخ I trusted him and spoke out my heart, but he revealed all

my secrets to everyone he encountered.

Google Translate .دنربیملاابراویدزاارواهکدرادیدایزیاههچبهراچیبمناخ I trusted and spoke my heart to her, but she threw every­

one on the circle.
Poor Mrs has lots of children that take her up the wall.

Single Prompt .دننزیمشباصعاهبدنرادهکدرادیدایزیاههچبینلافمناخ I trusted him and opened up to him, but he betrayed my

trust by sharing everything with everyone.
Some Mrs has lots of children that are hitting her nerves.

Chain Prompt وایاربدیدششنتداجیاثعاباه نآوتشاددنزرفیرایسبتخبدبردام

.دندوب

I trusted him and confided in him, but he betrayed every­

one and turned against all.
Poor mother had many children that had been causing her

a lot of tension.

Multi Prompt شیاربدیدششنتداجیاثعاباه نآوتسادنزرفیرایسبیارادریقفمناخ

!دنوش یم

I trusted him and spokemy heart out to him, but he reached

out to everyone and spread it on everyone’s face.
Poor (in Persian, the word used means impoverished, not

unfortunate)Mrs has many children that have been causing

her extreme tension!

GPT­3.5 + Google Translate !دندرکیمتیذاارواهکدرادیدایزیاههچبهراچیبمناخ I trusted and spoke out my heart to her, but she reached

out to everyone and spread everything to their face.
Poor mother had many children that are bothering her!

Table 7: Examples of GPT­3.5 En→Fa and Fa→En translations with back­translations to show translation quality.

For most models, the CoT or MultiPrompt setup,

which breaks the task into smaller steps, improves

GPT­4o scores but hurts fluency. Manual inspec­

tions reveal that when given more complicated

prompts, models tend to paraphrase more, over­

explain idiom definitions, add unnecessary content

to the sentence, or even alter correct idiom defini­

tions into literal ones when provided with additional

steps, especially for idioms they could correctly

translate without guidance. These issues can lead

to deviations from the original sentence, ultimately

lowering BLEU scores. In the case of Command

R+, GPT­4o scores are also lower due to its fre­

quent over­explanations and additions to both the

sentences and idiom definitions.

The hybrid approach Google Translate achieves

higher BLEU scores than GPT­3.5, Qwen­2.5, and

Command R+ across all prompts. When combined

with Google Translate, these models show an in­

creased BLEU score, benefiting from the strengths

of both LLMs and NMTmodels. Notably, the GPT­

4o score improves significantly for Qwen­2.5 and

GPT­3.5 as well. Manual inspections reveal that

Qwen­2.5 often uses characters and words from

other languages such as Chinese when translating to

Persian, which can render the translation meaning­

less and GPT­3.5 translations suffer from fluency

issues that sometimes cause GPT­4o to label them

as incorrect. For Command R+, the hybrid model’s

GPT­4o score nearly matches the model’s best,

while maintaining superior fluency. In contrast,

GPT­4o­mini and Claude­3.5­Sonnet outperform

Google Translate in BLEU with certain prompts

and, therefore, experience a performance decline

when combined with it. NLLB and MADLAD ex­

hibit weaker performance than Google Translate.

In general, their translations are less fluent, with

lower fidelity to the original sentence and occa­

sional alterations. Moreover, their fluency is lower

than that of LLMs, and combining them with LLMs

leads to decreased GPT­4o and BLEU scores for

all models.

A key takeaway from these results is that weaker

models like Qwen­2.5­72b, when combined with

NMT models that exhibit a higher fluency score,

can perform comparably to much stronger mod­

els such as Claude­3.5­Sonnet. This suggests that

when an LLM’s fluency is lower than that of an

NMT model, combining the two can effectively

close the performance gap with stronger LLMs.

An example the left side of Table 7 highlights

the challenges in En→Fa translation for GPT­3.5

through an example. Google Translate offers fluent

translations but often renders idioms literally. GPT­

3.5 correctly detects idioms but produces unnatural

definitions, producing more fluent translations with

CoT and MultiPrompt. Combining GPT­3.5 with

Google Translate yields the most fluent translations.

5.5 Comprehensive evaluation: Fa→En

The right side of Table 6 shows the automatic evalu­

ation results for Fa→En translation. As discussed in

Section 5.3, BERTScore and GPT­4o are the most

appropriate metrics for ranking model performance

in fluency and idiom translation in this direction.

Therefore, we focus primarily on these two metrics.
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Best models GPT4o­mini and Claude­3.5 Son­

net excel in idiom translation, outperforming other

models across all metrics. GPT4o­mini with Sin­

glePrompt 3 and Claude­3.5 Sonnet with Multi­

Prompt deliver the most accurate, contextually

aware, and fluent translations. Claude­3.5­Sonnet

frequently selects appropriate English idioms as re­

placements, demonstrating a strong understanding

of both Persian and English idioms.

Prompt performance Like En→Fa, in the Sin­

glePrompt setup, the second and third prompts im­

prove GPT­4o scores across all models but slightly

sacrifice fluency. GPT­3.5, GPT­4o­mini, and

Qwen­2.5 perform best with single prompts and

struggle with more complex setups like Multi­

Prompt and CoTPrompt, frequently failing to ac­

curately identify or translate idioms within the pro­

vided context. Manual inspection of the GPT­3.5

outputs reveals that, in these setups, the model of­

ten identifies idioms, removes them from the sen­

tence, and translates them outside the given con­

text. This loss of context reduces its idiom transla­

tion performance, especially since the model is not

well­versed in Persian idioms. Similar behavior is

observed with Qwen­2.5 and GPT­4o­mini. How­

ever, when single prompts are used, these LLMs are

more likely to produce accurate idiom translations

by leveraging sentence context. In contrast, Claude­

3.5­Sonnet and Command R+ achieve their highest

GPT­4o scores using complex prompting setups.

Claude­3.5­Sonnet outputs show that even in these

setups, sentence context is considered during idiom

translation. For Command R+, the CoTPrompt ap­

proach aids in better idiom detection, and the model

often does not detect idioms and translates them

literally in the SinglePrompt setup.

Finally, in the CoT and MultiPrompt setups, id­

ioms are replaced with their meanings in Persian

sentences, which might disrupt sentence structure

and introduce additional fluency issues since LLMs

are often not fluent enough in Persian to make the

necessary adjustments after idiom replacement.

The hybrid approach In Fa→En, all NMT mod­

els fall behind in idiom translation and fluency.

NLLB often omits parts of the sentences in transla­

tion and MADLAD replaces unknown words (e.g.

names) with random characters. Google Translate

demonstrates a comparable performance to LLMs

and when their fluency drops below that of Google

Translate in the CoT or MultiPrompt setup, dele­

gating the translation step to Google Translate can

enhance fluency, as observed in the cases of GPT­

3.5 and Command R+. However, this approach

often hurts the GPT­4o score. Combined with

the observation that most models achieve higher

BERTScores independently, this suggests that in

general, LLMs perform better in translating Persian

sentences with idiomatic expressions.

An example The left side of Table 7 highlights

the challenges in Fa→En translations through an

example. Google Translate often translates idioms

literally. GPT­3.5 struggles with complex prompts,

occasionally misidentifying or misinterpreting id­

ioms, and performs best with a single prompt. Al­

though combining GPT­3.5 with Google Translate

yields more fluent results, it does not demonstrate

superior idiom translation performance.

5.6 Comparing Fa→En and En→Fa results

GPT­4o scores are significantly higher for En→Fa

translation, with even the strongest­performing

model for Fa→En showing poorer performance

than the weakest model in En→Fa. This high­

lights that models are far more familiar with En­

glish idioms than Persian ones, emphasizing the

challenges of idiom translation in lower­resource

languages. Moreover, all LLMs show higher BLEU

and BERT scores for Fa→En, likely due to the

models’ stronger understanding of English which

makes them more proficient at producing English

sentences rather than Persian ones.

6 Conclusion

We introduced two parallel datasets for Fa→En

and En→Fa idiom translation. The Persian id­

ioms were sampled from our PersianIdioms re­

source, with 2,200 idioms and their meanings. Us­

ing these datasets, we evaluated multiple LLMs,

NMT models, and their combination, focusing on

idiom translation accuracy and fluency. Our results

show that Claude­3.5­Sonnet performs best in both

directions. We also found that models generally

translate English idioms more effectively than Per­

sian ones. Performance varies by translation direc­

tion—for En→Fa, combining weaker models with

Google Translate improves their performance, and

for Fa→En, weaker models performed best with

single prompts. Stronger models performed best

with CoT or multiple prompts in both directions.

Additionally, we evaluated existing automatic met­

rics and GPT­4o as a judge, confirming GPT­4o’s

reliability for assessing idiom translation accuracy.
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7 Limitations

Our work is limited in several aspects, which we

briefly discuss here.

• Our parallel datasets contain only 200 exam­

ples for each translation direction. Expanding

its size could enhance both the quality of the

data set and the robustness of our findings.

• We focus only on Persian and English. Extend­

ing to other languages would help determine

whether some of our observations are general­

izable or not.
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