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Abstract

Large language models (LLMs) have transformed machine translation, yet mistranslations, hallucinations,
and unnatural phrasing still limit their effectiveness, particularly for low-resource languages. We propose
Translation-CoT, a chain-of-thought prompting strategy that breaks translation into structured stages (lexical
retrieval, grammatical analysis, and topic identification), followed by a refinement step to improve fluency, tone,
and idiomatic expression. We evaluate Translation-CoT across 14 languages from 14 language families and
multiple LLMs (GPT-4o, GPT-4o-mini, LLaMA 3.1, and Gemma 2), with GPT-4o performing best overall, in
both English ↔ non-English (X) translation settings. Compared with zero-shot prompting, in-context learning,
and existing chain-of-thought prompting methods (Tree-of-Thought (ToT) and Learning-Oriented Prompting
(LOT)), Translation-CoT outperforms these prompting strategies on multilingual machine translation across
BLEU, ChrF, and METEOR, with especially strong gains in the more difficult English→non-English (X)
setting and in low-resource languages. Human evaluation further shows higher preference scores and lower
Multidimensional Quality Metrics (MQM) penalty scores, indicating fewer mistranslations, omissions, awk-
ward phrasing, and hallucinations with Translation-CoT. Overall, our results show that structured, task-aware
prompting is an effective approach for improving multilingual translation quality and robustness in LLMs.

1 Introduction

Machine Translation (MT) is the study of using com-
puters to translate text from one language into an-

other. The concept of MT was first proposed in 1947,
formalized in a 1949 memorandum Weaver (1955),
just two years after the development of the first com-
puter, the Electronic Numerical Integrator and Com-
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puter. Since then, MT has been recognized as one of
the most challenging tasks in natural language pro-
cessing (NLP). Early MT systems were primarily de-
veloped for military purposes. In 1954, Georgetown
University, in collaboration with International Busi-
ness Machines (IBM) Corporation, conducted the
first Russian–English MT experiment using the IBM-
701 computer, marking the realization of the MT
dream. Over time, with the availability of bilingual
corpora, corpus-based approaches became dominant,
particularly after the 2000s Wang et al. (2021). Three
key corpus-based MT paradigms emerged: Example-
based machine translation (EBMT), statistical ma-
chine translation (SMT), and neural machine trans-
lation (NMT), with NMT experiencing significant
advances in recent years Zhang and Zong (2020).

Conventional NMT models are trained in a su-
pervised manner and require large-scale parallel cor-
pora Liu et al. (2020); Raffel et al. (2019); Xue
et al. (2021). This makes them less effective for low-
resource languages (LRLs), which lack sufficient
parallel data Prama and Anwar (2025). While re-
searchers have made progress in extracting Schwenk
et al. (2019) and annotating Goyal et al. (2021);
team et al. (2022) parallel datasets for LRLs, such
efforts demand substantial human labor. To address
these challenges, the research community has ex-
plored unsupervised MT methods Ren et al. (2020)
that operate without parallel corpora. LLMs have re-
cently shown remarkable potential in NLP Yang et al.
(2024); Dubey et al. (2024); OpenAI et al. (2023) and
have been applied to NMT tasks. Studies Robinson
et al. (2023); Zhu et al. (2023b) indicate that while
LLMs excel in translating high-resource languages,
they struggle with LRLs Joulin et al. (2016); team
et al. (2022), where data is often scarce and diffi-
cult to obtain Prama et al. (2025a). Compared to
traditional NMT, LLMs offer several qualitative ad-
vantages. They allow controllability of style and
language variety through prompting and in-context
learning Brown et al. (2020); García et al. (2023);
Agrawal et al. (2022), exhibit inherent document-
level translation capabilities Wang et al. (2023a);
Karpinska and Iyyer (2023), produce less literal trans-
lations Raunak et al. (2023), and handle challenging
linguistic phenomena such as idioms and ambiguous
expressions more effectively. As a result, LLMs are
increasingly surpassing NMT models in versatility
Peng et al. (2023); Hendy et al. (2023).

Recent research has leveraged in-context learning
(ICL) Brown et al. (2020); Dong et al. (2022) to
enable LLMs to perform translation without param-
eter updates, as well as supervised fine-tuning with
parallel data Li et al. (2023); Chen et al. (2021);
Alves et al. (2023). However, LLM training still de-
mands vast multilingual corpora, and the imbalance
in language distribution leads to poor performance
for many LRLs Jiao et al. (2023); Hendy et al.
(2023); Oni and Prama (2025). While prior work
has demonstrated impressive results in high-resource
settings such as English–German translation Vilar
et al. (2022), the multilingual translation ability of
LLMs remains underexplored. In this work, we
follow the ICL paradigm to study LLMs for multi-
lingual machine translation (MMT), focusing on two
research questions:

RQ1: How do LLMs perform MMT across a
large set of languages? We evaluate English-centric
LLMs such as LLaMA-3.1 Dubey et al. (2024) and
multilingual models including Gemma 2, GPT-4o-
mini, and GPT-4o OpenAI et al. (2023) across 14
languages from 14 distinct language families and 28
English-centric translation directions. Appendix A
provides the full list of languages and their corre-
sponding families. Results indicate that multilingual
translation capabilities of LLMs continue to improve,
with GPT-4o achieving the strongest performance
among the evaluated models. Notably, GPT-4o out-
performs the supervised MMT system NLLB team
et al. (2022) for several higher-resource languages,
including Estonian, Korean, Bangla, Filipino, and
Azerbaijani. However, it does not surpass com-
mercial systems such as Google Translate, which
consistently achieves higher performance across all
languages.

RQ2: How can we improve LLM transla-
tion performance? We propose Translation-CoT,
a chain-of-thought prompting strategy Wei et al.
(2022) inspired by professional translation work-
flows Baker (1992); Koehn (2009); Bowker (2002);
Hatim and Munday (2005). Unlike generic CoT-
based MT methods Nguyen and Xu (2025); Dai et al.
(2025), Translation-CoT explicitly guides LLMs to
analyze lexical, grammatical, and contextual informa-
tion before generation, followed by a refinement step
for fluency and correctness. We evaluate Translation-
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CoT on 14 languages in both English ↔ non-English
directions using LLaMA-3.1, Gemma 2, GPT-4o-
mini, and GPT-4o. Across BLEU, ChrF, and ME-
TEOR, Translation-CoT consistently improves over
zero-shot, ICL, and CoT-style baselines, reducing
mistranslations, omissions, and stylistic errors. Gains
are strongest for Eng → X , while X → Eng also
shows consistent improvement, especially in ME-
TEOR. Compared with external systems, Translation-
CoT outperforms No Language Left Behind (NLLB)
in several higher-resource languages, but remains
below Google Translate in BLEU. Unlike dictionary-
based prompting Ghazvininejad et al. (2023) or
ICL with curated examples Agrawal et al. (2022),
Translation-CoT requires no external resources or
domain-specific preparation. Human preference and
MQM evaluations Lommel (2013) further confirm
that it produces more accurate and fluent translations
with fewer errors.

2 Our Translation-CoT Framework

We introduce the Translation-CoT framework. As de-
picted in Figure 1, Translation-CoT consists of three
steps: Preparation Phase, Solution Phase, and Final
Translation.

Step 1: Preparation Phase Similar to the initial
understanding and interpretation phase that human
translators undertake Gile (1995), the preparation
phase requires the LLM to first analyze the source
text and elicit three aspects of knowledge generally
beneficial to translation, though the generated knowl-
edge may contain noise He et al. (2023). Lexicon
1 is crucial for conveying the intended meaning and
ensuring faithfulness Baker (1992). Additionally,
identifying and maintaining a list of keywords en-
sures consistent translation of specific terms across
different parts of the text. Several studies have em-
phasized the importance of grammar in translation.
Grammar functions as the structural backbone of
language Baker (1992); Newmark (1988). Misun-
derstandings arising from poor grammar comprehen-
sion can have significant consequences, particularly
in technical translations where precision is crucial
Iroda and Risolat (2025).

Step 2: Solution Phase In this phase, the lex-
ical, grammatical, and topical knowledge gathered
during the preparation stage is used to produce an

initial translation in the target context (Figure 1, Step
2). The focus here is on refining fluency and tone so
the translation reads as if it were originally written
in the target language, preserving the author’s intent
and engaging the audience Pfau (2015); Bassnett and
Lefèvere (1990); Taia.io (2025). Awkward or overly
literal translations can easily weaken clarity and cred-
ibility, so this step also addresses idioms and ambi-
guities that have no direct equivalent, replacing them
with culturally appropriate, natural-sounding expres-
sions Bassnett and Lefèvere (1990); Pfau (2015).
By doing so, the translation maintains its meaning,
avoids misunderstandings, and respects the cultural
nuances embedded in the original text. Step 2 in
Figure 8 illustrates this solution-phase reasoning.

Input Sentence

Translation Chain-of-Thought (Translation-CoT) Model

Guidance: Address the translation task by following the steps below
for the given <input_sentence> from <source_language> to
<target_language>.

Preparation 
Phase

Step 1  Lexical
Retrieval

Step 2 Grammatical
Analysis

Step 3  Topic
Identification

<KEYWORDS>: <source word1> = <target
word1>, <source word2> = <target
word2, possible_meaning_2>, 

<Subject>: ..<Verb>: ...<Object>: ...
<Modifiers>

<Topic>

Solution 
Phase

Step 4
Initial Synthesis & Translation: Using the lexical, grammatical, and
topical knowledge from the preparation phase, construct an initial, literal
translation in the target language.

Step 5

Idiomatic & Ambiguity Resolution: Fix any untranslatable terms, idioms, or
ambiguities identified in Step 1. Choose the closest, most natural-sounding
phrase in the target language 

Step 6

 Fluency & Tone Refinement:  Reread the translated sentence to check for
fluency, tone, and correctness, ensure it reads naturally and fits the expected
context.

Final 
Translation

Based on all the reasoning above, provide the final, polished translation in
the <target_language> only.

Translated Output Sentence

Figure 1: Architecture of the Translation-CoT frame-
work. The framework translates source sentences
into target languages in three phases: preparation,
solution, and final translation. In the preparation
phase, it identifies lexicons, grammatical structure,
and topics in the source sentence. The solution phase
generates the translation, followed by post-selection
refinement to improve fluency, adjust tone, and re-
solve idiomatic expressions and ambiguities.

Step 3: Final Translation In the final step of
the Translation-CoT framework, the LLM generates

1Lexicons are essential words or phrases that convey the core meaning of a text and serve as focal points for understanding the main
idea

Proceedings of the 17th Conference of the Association for Machine Translation in the Americas,
Page 5Québec City, Canada, August 31 - September 2, 2026. Volume 1: Research Track



the final translated output. Appendix C.3 shows the
Translation-CoT prompt framework.

3 Experiments

Dataset. We evaluate multilingual translation perfor-
mance using the FLORES-101 dataset Goyal et al.
(2021)2. Our study focuses on 28 translation direc-
tions across 14 language families: Indo-European,
Mongolic, Atlantic-Congo, Afro-Asiatic, Turkic,
Dravidian, Kra-Dai, Austro-Asiatic, Sino-Tibetan,
Austronesian, Uralic, Kartvelian, Japonic, Koreanic,
and Nilo-Saharan. For each family, we select one
representative language, enabling a balanced evalua-
tion across typologically diverse groups. Translation
is performed in both directions (English ⇔ language
"X"), capturing asymmetries in model performance
between source and target roles. The selected lan-
guages and their corresponding families are listed in
Appendix A.

Models. We evaluate four widely used language
models with diverse capabilities. Llama 3.1 8B In-
struct Dubey et al. (2024) and Gemma 2 9B IT Riv-
iere et al. (2024) are open-source models with ef-
ficient architectures (e.g., grouped-query attention)
and billion-scale parameters. GPT-4o-mini OpenAI
et al. (2023) is a cost-efficient model with a 128K-
token context window and multimodal support, while
GPT-4o OpenAI et al. (2023) is a more advanced
multimodal model designed for high-performance
and creative tasks. For all translation experiments,
we used the API with a deterministic setting of
temperature = 0, following prior work Peng
et al. (2023) showing that this configuration improves
translation quality. We set max tokens = 500 to al-
low sufficient output length across languages. Since
decoding was deterministic, we ran each translation
once per prompt-language pair rather than averag-
ing over multiple runs, which also made large-scale
evaluation more computationally efficient.

Metric. We evaluate LLM performance using
BLEU (Bilingual Evaluation Understudy) Papineni
et al. (2002) and ChrF (Character-level F-score)
Popovic (2015), which allow for comprehensive as-
sessment across languages. Additionally, we employ
METEOR (Metric for Evaluation of Translation with
Explicit Ordering) Banerjee and Lavie (2005), which

addresses the evaluation of semantic equivalence lim-
itations of BLEU by incorporating stemming and
synonymy matching. Corpus-level BLEU and ChrF
scores were computed using SacreBLEU version
2.6.0 (Post, 2018), with one reference translation per
source sentence. The corresponding evaluation sig-
natures were BLEU: nrefs:1|case:mixed|eff:
no|tok:13a|smooth:exp|version:2.6.0 and
ChrF: nrefs:1|case:mixed|eff:yes|nc:6|nw:
0|space:no|version:2.6.0. METEOR scores
were computed using the NLTK implementation by
averaging sentence-level scores, with the references
and hypotheses tokenized using whitespace splitting.
Together, BLEU, ChrF, and METEOR provide a
multidimensional evaluation of machine translation
quality.

Comparative Methods. For comparison, we
evaluate Translation-CoT against several prompt-
ing baselines. Zero-shot uses a direct translation
prompt with temperature set to 0. In-context learn-
ing (ICL) provides five translation exemplars in the
prompt, following prior work showing that exemplar-
based prompting can improve MT performance and
that both exemplar selection and number affect re-
sults Hendy et al. (2023); Agrawal et al. (2022); Zhu
et al. (2023b). We also compare against two existing
CoT-based prompting strategies: Tree-of-Thought
(ToT) Nguyen and Xu (2025), which uses general
reasoning over candidate translations, and Learning-
Oriented prompting (LOT) Dai et al. (2025), which
incorporates structured linguistic guidance. The full
prompts for all methods are provided in Appendix C.

4 Results and Discussion

RQ1: Benchmarking LLMs for Multilingual Ma-
chine Translation We evaluate the multilingual
translation capabilities of LLMs in both directions, X
⇔ English. Figure 2 reports BLEU scores for each
language alongside Google Translate and NLLB. All
multilingual LLMs show meaningful translation abil-
ity, suggesting that cross-lingual alignment emerges
even from largely unsupervised pretraining. Perfor-
mance generally improves with model scale and re-
cency: GPT-4o consistently outperforms GPT-4o-
mini and surpasses LLaMA-3.1 and Gemma-2 across
most languages. Despite these gains, specialized MT

2In the benchmarking experiment, we evaluate LLMs on the first 200 sentences of each translation direction’s test set, accounting for
the prohibitive API (Application Programming Interface) cost of evaluating a large number of languages. In the analysis experiment, we
use the full test set.
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Figure 2: Translation performance (BLEU) of GPT-4o, GPT-4o-mini, Llama 3.1, and Gemma 2 across
the evaluated languages. “X → Eng” and “Eng → X” denote translation into English and from English,
respectively. BLEU scores are averaged over the three prompt strategies used in this experiment for each
language.

systems remain stronger. Google Translate achieves
the highest BLEU scores for nearly all languages,
and NLLB team et al. (2022) also outperforms most
LLMs. GPT-4o approaches these baselines for some
higher-resource languages, such as Bangla, Estonian,
and Filipino, but still lags overall, especially for
low-resource languages. Among LLMs, GPT-4o ob-
tains the highest average BLEU, ChrF, and METEOR
scores (Appendix D). Translation performance is also
uneven across directions and languages. Across mod-
els, X → English is consistently stronger than En-
glish → X, reflecting an English-centric bias. Results
are generally better for Indo-European languages and
weaker for typologically distant or low-resource lan-
guages such as Fula and Luo, likely due to both
English-dominant pretraining data and structural lin-
guistic differences Terryn and de Lhoneux (2024);
Zhu et al. (2023b). Overall, modern LLMs show
strong and improving multilingual translation ability,
but they have not yet surpassed specialized systems
such as Google Translate and NLLB.

RQ2: Enhance LLM’s Translation Perfor-
mance by Translation-CoT

For consistency, we compare prompting strate-
gies within each LLM. As shown in Figure 3,
Translation-CoT is broadly effective and generally
improves performance across most languages in both
translation directions. In the X → English set-
ting (Appendix E, Table 3), Translation-CoT consis-
tently outperforms Zero-shot and In-Context Learn-
ing across models. GPT-4o shows clear BLEU
gains for languages such as Bangla, Azerbaijani,
Estonian, and Lao; GPT-4o-mini improves in most
cases; LLaMA-3.1 shows substantial gains for Fil-
ipino, Estonian, and Georgian; and Gemma-2 shows

moderate but consistent improvements, particularly
for mid-resource languages. Overall, Translation-
CoT matches or exceeds the strongest baseline for
most languages, although gains are smaller for low-
resource languages such as Fula and Luo.

In the English → X direction (Appendix E, Ta-
ble 4), improvements are more mixed but remain
consistent. Translation-CoT generally outperforms
Zero-shot and remains competitive with In-Context
Learning, with noticeable gains for GPT-4o and
GPT-4o-mini in languages such as Filipino, Geor-
gian, and Mongolian. LLaMA-3.1 and Gemma-2
show smaller but stable improvements. However, In-
Context Learning performs comparably or slightly
better for some languages and metrics, suggesting
that prompt effectiveness is more sensitive when
translating into non-English languages. Overall,
these results indicate that Translation-CoT improves
translation quality by incorporating lexical, grammat-
ical, and topical reasoning before generation, with
the clearest gains in BLEU and ChrF and more mod-
est gains in METEOR.

Comparison of CoT-based Prompting Strate-
gies. We compare Translation-CoT with two
reasoning-based prompting baselines: Tree-of-
Thought (ToT) Nguyen and Xu (2025), which re-
lies on general-purpose reasoning, and Learning-
Oriented prompting (LOT) Dai et al. (2025), which
incorporates structured linguistic supervision. Unlike
these approaches, Translation-CoT explicitly follows
a translation-oriented reasoning process: it extracts
lexical, contextual, and grammatical information be-
fore generation, and then applies a refinement step
to improve fluency and naturalness. Figure 4 reports
results across 14 languages from diverse language
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Figure 3: Multilingual translation performance (BLEU) of selected large language models (LLMs) for
non-English → English (top) and English → non-English (bottom) translation across three prompt strate-
gies: Zero-shot, In-context Learning, and Translation-CoT. In almost all cases (8 out of 14 languages), the
Translation-CoT prompt outperforms other prompt strategies in BLEU score for LLM performance.

families using GPT-4o, the strongest model in our
study.
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Figure 4: Comparison of CoT-based prompting strate-
gies (Translation-CoT, ToT, and LOT) for multilin-
gual translation performance (BLEU scores) across
14 languages from diverse language families us-
ing GPT-4o, for both translation directions (left:
Eng → X , right: X → Eng).

For X → Eng, Translation-CoT achieves the

highest BLEU score for 10 of the 14 languages,
with the largest gains observed for Filipino, Mon-
golian, Bangla, and Azerbaijani. Its performance is
comparable to the strongest baseline for Japanese,
whereas ToT or LOT performs better for Fula, Geor-
gian, and Kannada. Translation-CoT also achieves
the highest METEOR score across all languages, al-
though the ChrF results are mixed. For Eng → X,
Translation-CoT demonstrates a stronger and more
consistent advantage, achieving the highest BLEU
score for 13 of the 14 languages. The largest improve-
ments are observed for Amharic, Bangla, Burmese,
and Azerbaijani, with Mongolian as the only excep-
tion. Translation-CoT again achieves the highest ME-
TEOR score across all languages, while outperform-
ing the baselines in ChrF for seven languages. Over-
all, Translation-CoT provides the most consistent
improvements in BLEU and METEOR, particularly
for Eng → X translation. However, the mixed ChrF
results indicate that the effectiveness of translation-
oriented reasoning varies across languages and eval-
uation metrics (See Appendix F Figure 13).
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Figure 5: Human preference study comparing Translation-CoT with Zero-Shot and In-Context Learning for
LLMs (GPT-4o, GPT-4o-mini, LLaMA 3.1, and Gemma 2).

We further compare Translation-CoT with
Google Translate and NLLB across both translation
directions (Appendix F, Table 5). In the X → Eng
setting, Translation-CoT outperforms NLLB in five
languages: Estonian, Korean, Bangla, Filipino, and
Azerbaijani. In the Eng → X direction, it sur-
passes NLLB in Azerbaijani, Estonian, and Filipino,
although the improvements are smaller. However,
Google Translate remains strongest across nearly
all languages, showing that a gap remains between
prompted LLM translation and specialized MT sys-
tems. Overall, Translation-CoT provides consistent
improvements over existing CoT-style prompting
methods, improves semantic alignment, and is most
competitive in higher-resource settings while still
lagging for low-resource languages.

Human Evaluation. We conducted a human
preference study on the English ⇔ Bangla transla-
tion task using 200 samples. The evaluation was
performed independently by three graduate students
from Bangladesh who were fluent in both Bangla
and English. Participation was voluntary, and the
annotators did not receive financial compensation.
For each test sample, annotators were presented
with the source sentence and three translations gen-
erated using Zero-Shot, In-Context Learning, and
Translation-CoT prompting. They rated each transla-
tion as Good, Fair, or Poor based on its accuracy,
fluency, adequacy, and overall translation quality.
Inter-annotator agreement was measured using Fleiss’
κ Fleiss (1971), yielding a score of κ = 0.78, which
indicates substantial agreement among the three an-
notators. The complete annotation instructions and
rating criteria are provided in Appendix G. Figure 5
shows Translation-CoT received more favorable hu-
man ratings, indicating their effectiveness in pro-

ducing higher-quality translations compared to Zero-
Shot and In-Context Learning.

MQM Evaluation. To identify the specific as-
pects of translation quality improved by Translation-
CoT, we conducted a Multidimensional Quality Met-
rics (MQM) evaluation (Lommel, 2013) using the
same 200 samples from the English ⇔ Bangla test
sets. Following prior MQM-based evaluation pro-
cedures (Freitag et al., 2021; He et al., 2023), the
annotators independently examined each translation,
identified the corresponding error spans, assigned
each error to one of four predefined categories (mis-
translation, awkward style, untranslated text, or omis-
sion) and labeled its severity as either minor or major.
Each identified error received a penalty based on its
severity, and the penalties were summed to obtain
an overall MQM score for each translation. Lower
MQM scores therefore indicate fewer or less severe
translation errors. The annotators were provided with
standardized instructions describing the error cate-
gories, severity definitions, and penalty weights; the
complete guidelines are provided in Appendix G. As
shown in Table 1, Translation-CoT significantly out-
performs both Zero-Shot and In-Context Learning
prompting strategies in terms of MQM scores. In
terms of error categories, the improvements achieved
by Translation-CoT are primarily due to reductions
in mistranslations, awkward style, untranslated text,
and omission errors, as illustrated in Figure 6.

LLM Hallucinations. Hallucination in nat-
ural language generation (NLG) refers to the pro-
duction of content that is nonsensical or unfaithful
to the given source text Filippova (2020), and re-
mains a persistent challenge for large language mod-
els (LLMs) Zhang et al. (2023).
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Figure 6: MQM penalty scores across different er-
ror categories for 200 test sentences from each of
the English⇔Bangla test sets. Lower scores indicate
less severe translation errors.

To examine this issue, we conducted a hu-
man evaluation of hallucination errors across three
prompt strategies: Zero-Shot, In-Context Learning,
and Translation-CoT. Using the same set of 200 sam-
pled sentences from each of the English⇔Bangla test
sets, we evaluated four LLMs: LLaMA-3.1, Gemma-
2, GPT-4o, and GPT-4o-mini. Following the defini-
tion in Guerreiro et al. (2023), translators annotated
each translation to indicate the presence or absence
of hallucination errors. Following Guerreiro et al.
(2023), the same three bilingual annotators indepen-
dently labeled each translation for the presence or
absence of hallucination, with final labels determined
by majority vote. Inter-annotator agreement was mea-
sured using Fleiss’ κ (κ = 0.86), and the annotation
criteria are provided in Appendix G.2.

As shown in Figure 7, Translation-CoT consis-
tently outperforms both Zero-Shot and In-Context
Learning in reducing hallucinations. We attribute this
improvement to a fundamental difference between
Translation-CoT and In-Context Learning: Whereas
In-Context Learning relies solely on example-based
prompting, Translation-CoT explicitly incorporates
translation-related knowledge into the prompt, which
influences the probability distribution over the next
token. This additional guidance enables the model to
redistribute token probabilities away from erroneous
or hallucinated outputs, thereby enhancing transla-
tion faithfulness and overall quality.
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Figure 7: Ratio of hallucinations in generated trans-
lations for 200 test sentences from each of the
English⇔Bangla test sets. Human annotators labeled
each output as either containing or not containing a
hallucination error.

5 Related Work

Building a separate bilingual translation system for
every language pair becomes infeasible as the num-
ber of supported languages grows. Multilingual ma-
chine translation (MMT) offers a scalable alternative
Johnson et al. (2016), yet achieving high quality and
efficiency remains challenging team et al. (2022).

Recent advances in LLMs OpenAI et al. (2023);
Touvron et al. (2023) have shown strong perfor-
mance in neural machine translation (NMT) Jiao
et al. (2023); Hendy et al. (2023). Two main strate-
gies have emerged: in-context learning (ICL) and
fine-tuning. LLMs can perform new tasks from
in-context exemplars and templates Brown et al.
(2020); Prama et al. (2025b), and ICL’s performance
can match that of large supervised models García
et al. (2023). Subsequent work Agrawal et al. (2022)
highlighted the importance of example quality in ICL.
Instruction tuning Wei et al. (2022) has also been
explored for translation. Li et al. (2023) fine-tuned
XGLM-7B with translation-specific instructions to
improve low-resource language performance, while
Chen et al. (2021) enhanced instruction-following by
introducing negative samples to improve translation
faithfulness. Broadly, evaluation of LLM translation
capabilities follows two lines: (1) LLM-specific
factors, such as demonstration selection García et al.
(2023); Vilar et al. (2022); Zhang et al. (2023) and
prompt design Jiao et al. (2023) and (2) compre-
hensive benchmarking across multilingual Hendy
et al. (2023); Zhu et al. (2023b), document-level
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Method Eng→Ben Ben→Eng

Zero-shot 2.14 3.14
In context learning 1.96 2.96
Translation-CoT 1.39 2.16

Table 1: Averaged MQM score (↓) for different methods on English–Bangla (Eng→Ben) and Bangla–English
(Ben→Eng) translation. Lower is better.

Hendy et al. (2023); Karpinska and Iyyer (2023),
low-resource García et al. (2023), robust Jiao
et al. (2023), hallucination-resistant Guerreiro et al.
(2023), domain-adaptive Wang et al. (2023a) set-
tings and incorporated human evaluation Jiao et al.
(2023) into instruction data, yielding translations
preferred in interactive settings.

Chain-of-thought (CoT) prompting improves LLM
performance on complex reasoning tasks, including
arithmetic, commonsense, and symbolic reasoning,
by eliciting intermediate reasoning steps before the
final answer Wei et al. (2022); Wang et al. (2022).
It is commonly implemented as zero-shot CoT, us-
ing triggers such as “Let’s think step by step” Yang
et al. (2023), or as few-shot CoT, with demonstra-
tions containing questions, reasoning chains, and
answers Zhang et al. (2022). However, direct appli-
cations of CoT to machine translation remain lim-
ited, and naive adaptations can produce overly literal,
word-by-word translations Peng et al. (2023). Re-
latedly, self-prompting decomposes inputs into sub-
problems and extracts salient knowledge before solv-
ing the main task Li et al. (2022), with applications
in in-context example generation Li et al. (2022),
document generation Yu et al. (2022), summariza-
tion Wang et al. (2023b), and multimodal caption-
ing Zhu et al. (2023a). He et al. (2023) introduced
MAPS, which elicits keywords, topics, and relevant
demonstrations before translation and uses quality
estimation to select the final output. Briakou et al.
(2024) proposed a multi-turn framework for long-
form translation that decomposes the process into
pre-translation research, drafting, refinement, and
proofreading. In contrast, Translation-CoT performs
lexical, grammatical, and topical analysis followed
by refinement within a single structured prompt and
evaluates this approach across multiple LLMs and
language families.

6 Conclusion

Our study evaluates both the strengths and limitations
of current LLMs in multilingual machine translation.
Among the evaluated models, GPT-4o achieves the
strongest overall performance, particularly for sev-
eral high- and mid-resource languages, while sub-
stantial challenges remain in lower-resource settings.
We introduce Translation-CoT, a prompting frame-
work inspired by human translation workflows that
combines lexical, grammatical, and topical analysis
with a refinement phase targeting fluency, tone, id-
iomatic expression, and ambiguity resolution. Across
the evaluated automatic metrics, Translation-CoT im-
proves over Zero-Shot and In-Context Learning in
many settings and achieves the strongest summa-
rized BLEU performance for 8 of the 14 languages.
However, the gains are not uniform, and Zero-Shot
or In-Context Learning remains competitive for the
other languages, depending on the model, translation
direction, and evaluation metric.

Human evaluation on English⇔Bangla further
shows more favorable preference ratings, lower
MQM penalty scores, and fewer hallucinations for
Translation-CoT. Translation-CoT also surpasses
NLLB in selected language directions, but it remains
below Google Translate in all reported comparisons
where Google Translate results are available. Over-
all, these findings suggest that structured, translation-
specific reasoning can improve LLM translation qual-
ity in several evaluated settings, although it should
not be interpreted as a universally superior prompting
strategy or as a replacement for specialized machine
translation systems.

7 Limitations

This study evaluates one language from each of
14 language families and focuses only on English-
centric translation directions. Therefore, the results
may not generalize to other languages, within-family
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variation, or non-English-centric translation. The
experiments are also limited to sentence-level trans-
lation and do not test document-level context. Hu-
man preference, MQM, and hallucination evaluations
were conducted only for English⇔Bangla because
of annotator availability. We also did not perform
component-level ablations to isolate the effects of
lexical retrieval, grammatical analysis, topic identifi-
cation, and refinement. Future work should examine
which stages contribute most to the observed gains.

Our automatic evaluation relies on BLEU, ChrF,
and METEOR, which may not fully capture semantic
adequacy or discourse-level quality. Future evalua-
tion should include neural metrics such as COMET
and MetricX. Because FLORES-101 has been pub-
licly available since 2021, possible benchmark con-
tamination in LLM pretraining data cannot be ruled
out. Finally, we did not compare Translation-CoT
with fine-tuned translation models or the most re-
cently released LLMs. The results are also based on
single deterministic runs and may still be affected by
API-side nondeterminism or model updates.
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A Lists of Language

We evaluate 14 languages in this paper. Table 2 lists
the name, ISO code, and language family of these
languages.

B Step-by-Step Translation Process Using
Translation-CoT

The Translation-CoT framework enables large lan-
guage models (LLMs) to incorporate reasoning into
the translation process. Figure 8 shows in the prepa-
ration phase, the model first extracts translation-
related knowledge from the source sentence, includ-
ing lexicons, grammar, and topics. Leveraging this
knowledge, the LLM then generates the target trans-
lation in the translation phase. Finally, in the post-
processing phase, fluency and tone refinement along
with idiomatic and ambiguity resolution are applied
to produce a translation that is more natural, coherent,
and human-like.

হেলিফ্যাক্সে ডালহৌসি বিশ্ববিদ্যালয়ের মেডিসিন বিভাগের প্রফেসর ডঃ ইহু ড আর, নোভা স্কটিয়া এবং কানাডিয়ান ডায়াবেটিস
এসোসিয়েশনের ক্লিনিক্যাল ও বৈজ্ঞানিক বিভাগের চেয়ার, আগে থেকেই সতর্ক করে দিয়েছিলেন যে গবেষণা এখনও তার শুরুর দিকে

রয়েছে।

 Lexical Retrieval Grammatical Analysis  Topic Identification
হেলিফ্যাক্সে = in Halifax, ডালহৌসি বিশ্ববিদ্যালয়ের = of
Dalhousie University, মেডিসিন বিভাগের =
Department of Medicine, প্রফেসর = Professor, ডঃ
ইহু ড আর = Dr. Ehud R., নোভা স্কটিয়া = Nova
Scotia, এবং = and, কানাডিয়ান ডায়াবেটিস
এসোসিয়েশনের = of the Canadian Diabetes
Association, ক্লিনিক্যাল ও বৈজ্ঞানিক বিভাগের =
Clinical and Scientific Division, চেয়ার = Chair, আগে
থেকেই সতর্ক করে দিয়েছিলেন = had already
warned, যে = that, গবেষণা = the research, এখনও =
still, তার শুরুর দিকে রয়েছে = is in its early stages

<Subject>: ডঃ ইহু ড আর, প্রফেসর at Dalhousie
University’s Department of Medicine, Chair of Clinical
and Scientific Division of Canadian Diabetes
Association

<Verb>: সতর্ক করে দিয়েছিলেন (had warned)

<Object>: যে গবেষণা এখনও তার শুরুর দিকে রয়েছে
(that the research is still in its early stages)

<Modifiers>: in Halifax, Nova Scotia; already; before

<Topic>: Early-stage diabetes
research warning by medical
professor

Initial Synthesis & Translation
Dr. Ehud R., Professor in the Department of Medicine at Dalhousie University in Halifax, Nova Scotia, and Chair of the Clinical and Scientific Division of

the Canadian Diabetes Association, had already warned that the research is still in its early stages.

Preparation Phase

Refine for tone, fluency, and correctness
Final Translation: Dr. Ehud R., a professor in the Department of Medicine at Dalhousie University in Halifax, Nova Scotia, and Chair of the Clinical

and Scientific Division of the Canadian Diabetes Association, had already warned that the research is still in its early stages.

Solution Phase

Final Translation

Fix any untranslatable term, idiom, or ambiguity
The phrase "আগে থেকেই সতর্ক করে দিয়েছিলেন" is translated naturally as "had already warned", which conveys both the timing and seriousness.

Figure 8: Example of translating a source sentence
(source language: Bangla) into the target sentence
(English) using the Translation-CoT reasoning steps
(response from GPT-4o, accessed August 12, 2025).

C Prompt Strategies

We employ three prompting strategies for multi-
lingual translation: Zero-Shot, In-Context Learn-
ing (ICL), and Translation with Chain-of-Thought
(Translation-CoT). Below we describe each strategy
with the exact prompt templates.

C.1 Zero-Shot Translation
The model is asked to translate directly from the
source language to the target language without any
examples:

Instruction:
You are an expert language translator. You
are given sentences: {input_sentence} and
translate the input from {source_language}
to {target_language}.

Output: Return the final translated sen-
tence in {target_language} only. Do not
include any explanations or labels.

C.2 In-Context Learning (ICL)
The model is given a 5 source–target translation ex-
amples before translating the new sentence:

Instruction:
You are an expert language translator. You
are given sentences: {input_sentence} and
translate the input from {source_language}
to {target_language}.

Here are a few examples of translation:

<Source> S1<Source><Target> T1 <Target>
<Source> S2<Source><Target> T2 <Target>
<Source> S3<Source><Target> T3 <Target>
<Source> S4<Source><Target> T4 <Target>
<Source> S5<Source><Target> T5 <Target>

Output: Return the final translated sentence in
{target_language} only. Do not include any ex-
planations or labels.

C.3 Translation with Chain-of-Thought
(Translation-CoT)

The model follows a reasoning process that mimics
human translation: Retrieving lexical meaning, ana-
lyzing grammar, identifying topics, translating, and
refining:

Instruction:
You are an expert language translator. You
are given sentences: {input_sentence}.
Follow the steps one by one to translate
the input from {source_language} to {tar-
get_language}.
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Language ISO 639-3 Family
Bangla ben Indo-European
Amharic amh Afro-Asiatic
Azerbaijani azj Turkic
Burmese mya Sino-Tibetan
Filipino (Tagalog) tgl Austronesian
Estonian est Uralic
Fula ful Atlantic-Congo
Georgian kat Kartvelian
Japanese jpn Japonic
English eng Indo-European
Kannada kan Dravidian
Korean kor Koreanic
Lao lao Kra-Dai
Luo luo Nilo-Saharan
Mongolian mon Mongolic

Table 2: Languages, ISO 639-3 codes, and their corresponding language families.

1. Retrieve the meaning of each word
and phrase in the source sentence from
a mental lexicon to the target language.
If any term is ambiguous, note possible
meanings.
2. Analyze the grammatical structure.
Identify subject, verb, object, and modi-
fiers.
3. Describe the topic of the sentence in a
few words.
4. Translate using the identified knowl-
edge.
5. Fix untranslatable terms or idioms by
choosing the closest natural phrase in the
target language.
6. Refine for tone, fluency, and correct-
ness.

Output: Return the final translated sen-
tence in {target_language} only. Do not
include any explanations or labels.

D Translation performance of LLMs

For each of the 14 languages, we measured the
BLEU, ChrF, and METEOR scores. Figures 9 and 10
present the performance of the LLMs, where scores
are averaged across the three prompting techniques.
For both English ⇔ Non-English (X) translation di-
rections, GPT-4o consistently outperforms the other

LLMs.

E Comparison of LLMs’ performance
across Languages and prompt strategies

For each of the 14 languages and each prompt strat-
egy, we used three metrics to evaluate the perfor-
mance of the LLMs. Figures 11 and 12 show that,
among the prompt strategies, Translation-CoT out-
performs the other two in both ChrF and METEOR
scores. Additionally, Tables 3 and 4 provide detailed
BLEU, ChrF, and METEOR results for each LLM
and prompting strategy in the X→Eng and Eng→X
translation directions, respectively.

F Comparison of Chain-of-Thought
Prompting

Figure 13 compares Translation-CoT with ToT and
LOT using ChrF and METEOR across both transla-
tion directions, showing that Translation-CoT gen-
erally achieves stronger lexical, structural, and se-
mantic alignment across the evaluated languages. Ta-
ble 5 further compares GPT-4o with Translation-CoT
against Google Translate and NLLB using BLEU,
showing that Translation-CoT surpasses NLLB for
several languages but remains below Google Trans-
late across the evaluated directions.
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Figure 9: Translation performance (ChrF) of GPT-4o, GPT-4o-mini, LLaMA 3.1, and Gemma 2 across
the evaluated languages. “X → Eng” and “Eng → X” denote translation into English and from English,
respectively. ChrF scores are averaged over the three prompt strategies used in this experiment for each
language.
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Figure 10: Translation performance (METEOR) of GPT-4o, GPT-4o-mini, LLaMA 3.1, and Gemma 2 across
the evaluated languages. “X → Eng” and “Eng → X” denote translation into English and from English,
respectively. METEOR scores are averaged over the three prompt strategies used in this experiment for each
language.

G Human Evaluation Guidelines

This appendix presents the annotation instructions
and rating criteria used in the human preference, Mul-
tidimensional Quality Metrics (MQM), and halluci-
nation evaluations. Three graduate students from
Bangladesh who were fluent in both Bangla and En-
glish independently completed the annotations. Par-
ticipation was voluntary and uncompensated.

General Annotation Instructions For each sam-
ple, annotators were shown the source sentence to-
gether with translations generated using Zero-Shot,
In-Context Learning, and Translation-CoT prompt-
ing. Annotators were instructed to evaluate each
translation independently based on the meaning of

the source sentence and the quality of the correspond-
ing translation. They were asked to assess whether
the translation:

• accurately preserved the meaning of the source
sentence;

• retained all important information from the
source;

• avoided introducing information not present in
the source;

• was grammatically correct in the target lan-
guage;

• used natural and fluent expressions;
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Figure 11: Multilingual translation performance (ChrF) of selected large language models (LLMs) for
non-English (X) → English (top) and English → non-English (X) (bottom) translation across three prompt
strategies: Zero-shot, In-context Learning, and Translation-CoT. In the majority of cases (8 out of 14 lan-
guages), the Translation-CoT prompt outperforms other prompt strategies in ChrF score for LLM performance.

• appropriately translated idiomatic, ambiguous,
and culturally specific expressions; and

• maintained the tone and intent of the source
sentence.

Annotators were instructed not to prefer a trans-
lation solely because it followed the source sentence
literally. A natural translation that accurately pre-
served the original meaning was considered prefer-
able to an awkward word-for-word translation.

Human Preference Rating Each translation was
assigned one of three quality ratings: Good, Fair, or
Poor. The rating criteria were defined as follows:

Good: The translation accurately preserves the
meaning of the source sentence and is fluent,
grammatically correct, complete, and natural in
the target language. Minor stylistic differences
that do not affect meaning or readability are
acceptable.

Fair: The translation conveys the main meaning of
the source sentence but contains one or more

noticeable issues, such as awkward phrasing,
minor grammatical errors, slightly inaccurate
word choices, or small omissions. These issues
do not substantially alter the overall meaning.

Poor: The translation contains substantial errors that
affect meaning or readability. These may in-
clude serious mistranslations, major omissions,
untranslated content, hallucinated information,
incorrect grammatical structures, or language
that is difficult to understand.

When uncertain between two categories, anno-
tators were instructed to assign the lower rating if the
error affected the meaning of the sentence and the
higher rating if the issue was primarily stylistic. Inter-
annotator agreement for the Good, Fair, and Poor
ratings was measured using Fleiss’ κ. The resulting
score of κ = 0.78 indicates substantial agreement
among the three annotators.
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Figure 12: Multilingual translation performance (METEOR) of selected large language models (LLMs) for
non-English(X) → English (top) and English → non-English (X) (bottom) translation across three prompt
strategies: Zero-shot, In-context Learning, and Translation-CoT. In almost all cases (8 out of 14 languages),
the Translation-CoT prompt outperforms other prompt strategies in METEOR score for LLM performance.

G.1 MQM Annotation Guidelines
The Multidimensional Quality Metrics (MQM) eval-
uation was conducted by the same three graduate
students from Bangladesh who participated in the
human preference evaluation.

For each sample, the annotators were shown the
source sentence and its corresponding translated sen-
tence. They were instructed to identify all translation
errors, mark the affected text span, assign each error
to one of the predefined categories, and determine its
severity. A single translation could contain multiple
errors from the same or different categories. The
following four error categories were used:

Mistranslation: The translation conveys an incor-
rect meaning or inaccurately represents a word,
phrase, relation, or proposition from the source
sentence. This category includes incorrect lexi-
cal choices, incorrect interpretation of ambigu-
ous expressions, and changes to the intended
meaning.

Awkward style: The translation is understandable

but sounds unnatural, overly literal, repetitive,
unclear, or inconsistent with common usage in
the target language. This category includes in-
appropriate phrasing, unnatural word order, and
stylistic constructions that reduce fluency.

Untranslated text: A word, phrase, or segment
from the source language remains untranslated
in the target-language output when a translation
is required.

Omission: Information present in the source sen-
tence is missing from the translation. An omis-
sion may involve a word, phrase, modifier, rela-
tion, or complete proposition that contributes to
the source meaning.

Severity Levels Each identified error was assigned
one of two severity levels:

Minor: The error is noticeable and may reduce flu-
ency, naturalness, or precision, but it does not
substantially alter the central meaning of the
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source sentence. Minor errors received a penalty
weight of 1.

Major: The error changes, obscures, or removes im-
portant information from the source sentence,
produces a misleading interpretation, or sub-
stantially reduces the usability of the translation.
Major errors received a penalty weight of 5.

Annotators were instructed to assign a major
label when an error affected the meaning, accuracy,
or completeness of the translation. Errors that primar-
ily affected style or naturalness without substantially
changing the meaning were generally labeled minor.

The MQM penalty score for each translation
was calculated by summing the severity weights of
all identified errors:

Nminor + 5Nmajor (1)

where Nminor and Nmajor denote the numbers of

minor and major errors identified in the translation,
respectively. Because a translation could contain
multiple errors, the sentence-level MQM score did
not have a fixed maximum value. The final score for
each prompting strategy was calculated by averaging
the sentence-level penalty scores across all evaluated
samples. Lower MQM scores indicate fewer or less
severe translation errors.

G.2 Hallucination Annotation Guidelines
The same three bilingual annotators independently
assigned each translation a binary label indicating
the presence or absence of hallucination. A trans-
lation was labeled as hallucinatory if it introduced
information, entities, events, attributes, or claims un-
supported by or inconsistent with the source sentence.
Paraphrasing, word-order differences, and grammati-
cal or stylistic errors were not considered hallucina-
tions unless they introduced unsupported meaning.
Final labels were determined by majority vote.
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Prompt Language
LLaMA-3.1 Gemma-2 GPT-4o GPT-4o-mini

BLEU ChrF METEOR BLEU ChrF METEOR BLEU ChrF METEOR BLEU ChrF METEOR

Zero-shot

amh 7.2200 21.8700 0.2766 7.6600 33.6100 0.4441 25.9200 45.6600 0.5901 6.9600 26.8100 0.4639

azj 12.4000 36.6300 0.4897 16.8100 31.0500 0.5480 24.1200 53.4000 0.6089 23.1200 53.4000 0.5863

ben 12.3400 37.7100 0.5851 12.4500 39.0100 0.6206 33.2300 55.1000 0.6910 34.8900 39.1200 0.6591

mya 8.3300 28.4700 0.4051 9.3500 23.0700 0.4645 16.5100 55.6700 0.6125 15.7000 47.6200 0.5415

est 9.9800 31.7500 0.5601 8.3900 34.2200 0.6216 40.2100 50.5500 0.7016 41.6000 54.7400 0.6893

tgl 16.7800 51.5800 0.6692 13.9100 32.0700 0.7260 53.1400 73.7000 0.7977 30.4600 56.0600 0.7775

ful 6.1200 23.2200 0.2276 6.7400 21.3000 0.2127 6.4600 22.6400 0.2835 8.6700 21.0300 0.2694

kat 30.8200 42.1100 0.5323 14.4000 32.8900 0.5557 21.4700 58.4200 0.6097 20.7500 38.5600 0.6020

jpn 12.7400 36.3900 0.5827 14.7800 38.6000 0.5985 29.0400 50.2700 0.6471 30.2400 50.1600 0.6264

kan 8.8500 20.8200 0.5272 12.0300 56.3800 0.5910 29.7600 47.6900 0.6606 14.8300 38.6300 0.5991

kor 13.5900 27.9900 0.5716 13.8500 27.8300 0.5951 30.3800 27.5900 0.6396 26.3200 30.4400 0.6295

lao 7.9100 24.8200 0.3604 10.8800 27.5700 0.4553 21.6400 57.6900 0.6665 16.5700 46.3300 0.5412

luo 4.6700 19.4000 0.2262 6.0800 10.2000 0.2253 8.4800 23.0900 0.3927 4.9900 21.2700 0.2940

mon 4.0700 20.4800 0.3829 5.1400 22.0300 0.4106 22.2800 53.2700 0.6494 21.1600 41.4400 0.6246

In-Context-Learning

amh 11.8900 22.0600 0.2942 8.1000 33.4300 0.4219 22.4900 42.6100 0.5789 11.8900 36.7500 0.4775

azj 11.4500 36.9300 0.4830 17.2100 40.9700 0.5394 26.1200 53.4000 0.6129 24.1200 53.4000 0.5769

ben 17.5300 41.0800 0.5026 12.5800 36.3000 0.6143 37.2300 55.1000 0.6874 37.8400 50.4600 0.6592

mya 6.8900 21.3600 0.4310 4.0900 27.7000 0.4420 18.4600 53.0500 0.6142 18.0900 50.0100 0.5513

est 9.9800 31.7500 0.5601 11.9400 24.8400 0.6139 40.7500 52.5900 0.7108 41.6000 54.7400 0.6839

tgl 17.4000 34.2200 0.6742 17.8900 46.1200 0.7150 52.9400 80.3300 0.7907 42.5400 45.3900 0.7632

ful 8.2200 28.9100 0.2236 3.2100 21.8000 0.2066 6.9900 23.4100 0.2912 7.5400 23.7000 0.2660

kat 16.1900 28.4300 0.5274 16.1900 35.1400 0.5410 22.6300 54.0600 0.6418 22.2000 41.5600 0.6070

jpn 11.1900 42.1100 0.5477 14.2200 33.4800 0.6015 29.4500 51.1600 0.6556 31.6500 38.9800 0.6262

kan 8.3900 22.8900 0.5237 17.5700 51.5900 0.5696 29.7600 47.6900 0.6606 6.2900 36.3200 0.6183

kor 9.7800 30.8800 0.5607 14.9500 32.6100 0.5933 33.2300 29.1600 0.6489 30.1600 29.1200 0.6276

lao 5.8700 15.2900 0.3489 3.8800 30.0400 0.4579 21.6400 57.6900 0.6719 19.2200 48.0400 0.5361

luo 5.4700 21.9400 0.2362 9.8400 18.8700 0.2373 8.6400 24.8500 0.4229 7.2600 23.9600 0.2854

mon 4.9200 17.6200 0.3898 10.9000 24.3900 0.4190 22.6500 52.5200 0.6487 18.7700 28.7000 0.6131

Translation-CoT

amh 12.2300 28.1800 0.3348 13.8500 39.7600 0.4268 29.9300 43.4300 0.6014 12.6700 29.5900 0.4541

azj 21.4100 36.3600 0.5930 27.3400 45.7400 0.5326 28.6800 53.5400 0.6169 25.1200 53.4000 0.5737

ben 37.8800 45.6400 0.5811 22.5000 36.8900 0.6185 40.5100 57.9600 0.6920 37.8400 50.4600 0.6638

mya 8.3300 28.4700 0.4051 11.3100 21.8200 0.4490 20.4400 56.4100 0.6175 18.5400 54.4300 0.5564

est 29.4200 39.8200 0.6158 12.6100 25.5600 0.6097 42.2100 50.5500 0.7089 41.6000 54.7400 0.6902

tgl 68.1500 75.2100 0.7192 34.8200 45.7200 0.7163 55.4600 85.1800 0.7959 44.2300 57.5800 0.7692

ful 9.1200 25.2200 0.2760 5.6000 17.9600 0.2018 8.1000 19.2600 0.2909 9.4800 21.7500 0.2591

kat 43.2400 40.8900 0.5351 21.9400 34.3500 0.5468 25.9600 65.5300 0.6439 23.5200 46.8500 0.6082

jpn 17.1500 40.9900 0.5722 13.0400 43.5400 0.5929 30.0800 51.6200 0.6361 31.2400 52.8200 0.6308

kan 12.8300 40.9900 0.5529 19.5500 48.4600 0.5902 29.7600 47.6900 0.6606 18.4900 40.3200 0.6183

kor 19.4500 39.7400 0.5618 16.4400 30.1100 0.5945 33.8300 24.3600 0.6426 32.1600 29.1200 0.6306

lao 8.3600 24.1100 0.3932 10.3800 28.2200 0.4580 25.7600 61.3000 0.6596 21.6000 47.3200 0.5452

luo 7.3900 22.7700 0.2320 7.8600 14.2400 0.2347 10.2700 24.0200 0.4309 12.7900 19.2400 0.2844

mon 11.0200 24.8900 0.4327 12.9000 26.7600 0.4163 24.7300 60.6300 0.6450 27.7300 60.6300 0.6441

Table 3: Translation performance (BLEU, ChrF, METEOR) of GPT-4o, GPT-4o-mini, LLaMA-3.1, and
Gemma-2 across 14 evaluated languages for “X→Eng” translation. Scores are the average of each test
set for each language, measured using BLEU, ChrF, and METEOR metrics. Blue shading indicates that
Translation-CoT outperformed both In-Context Learning and Zero-Shot for that metric. Gray shading marks
cases where Zero-Shot scored highest among the three, while orange shading highlights In-Context Learning
as the best performer. Value with no shading indicate a tie across methods for that metric. Higher scores
reflect better translation performance.
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Prompt Language
LLaMA-3.1 Gemma-2 GPT-4o GPT-4o-mini

BLEU ChrF METEOR BLEU ChrF METEOR BLEU ChrF METEOR BLEU ChrF METEOR

Zero-shot

amh 5.2386 14.7144 0.1596 7.4586 11.6892 0.1371 12.6749 33.2422 0.3877 18.4065 55.8916 0.4057

azj 7.2769 18.4966 0.4623 8.4538 26.2514 0.3463 23.4856 46.6112 0.5697 22.0856 46.5912 0.5697

ben 12.1515 14.3295 0.2184 12.2260 27.2624 0.3416 24.9474 48.8522 0.6471 18.5474 38.8322 0.5471

mya 3.2730 19.5861 0.1747 4.0000 22.5562 0.1299 14.4384 36.8715 0.2647 13.0384 36.8515 0.2647

est 5.1882 20.5951 0.1694 11.1239 29.6062 0.5400 34.9824 60.1519 0.7457 33.5824 60.1319 0.7457

tgl 4.6297 18.6886 0.1715 23.2599 47.9698 0.6466 37.8293 76.8564 0.8010 34.4293 76.8364 0.8010

ful 3.7317 16.2046 0.1735 8.4569 18.3448 0.1969 5.7562 9.4835 0.2588 12.0931 21.4204 0.2561

kat 3.9089 13.6787 0.1427 13.8375 22.4866 0.2936 13.2846 49.4192 0.5871 11.8846 49.3992 0.5871

jpn 2.1363 17.0335 0.2455 4.3600 32.5460 0.2100 5.2000 34.5236 0.1600 3.8000 34.5036 0.1600

kan 3.7970 16.0876 0.3771 10.5117 40.7354 0.3204 17.2786 32.2528 0.5427 19.8786 32.2328 0.5427

kor 4.3700 20.2637 0.1548 14.3436 19.0009 0.3801 14.4185 24.0620 0.5595 13.0185 24.0420 0.5595

lao 2.7569 15.0157 0.1772 4.0000 4.0500 0.2633 11.4747 47.9242 0.3809 10.0747 47.9042 0.3809

luo 1.6636 19.8440 0.1716 8.0272 25.0294 0.2151 11.1080 33.2069 0.4527 9.7080 33.1869 0.4527

mon 1.9430 1.1141 0.0277 11.4904 25.8604 0.2057 9.5003 73.2403 0.6089 9.1003 73.2203 0.6089

In-Context-Learning

amh 6.5016 6.3898 0.0262 4.3133 8.4093 0.1351 11.6685 37.7719 0.4060 7.9130 25.7767 0.3070

azj 7.3246 17.3057 0.4608 5.6112 22.8219 0.2463 23.3536 46.7782 0.5714 23.9434 49.9991 0.5380

ben 14.1150 15.5449 0.4332 24.8355 15.7948 0.2536 26.4961 48.8522 0.6031 19.3507 39.2019 0.5196

mya 5.1412 22.9780 0.3914 4.5540 22.6000 0.1339 9.9892 35.5428 0.2594 12.7138 35.3702 0.2713

est 6.1775 21.8241 0.1968 4.9796 25.0137 0.2395 32.9824 56.6563 0.6845 34.6975 48.3024 0.6975

tgl 6.2237 19.8162 0.4822 7.5688 33.5820 0.4325 38.9581 60.6289 0.7755 35.4462 82.7910 0.7931

ful 5.5583 20.2424 0.4980 4.4855 17.6939 0.1825 7.7624 20.8398 0.2831 11.3358 22.2027 0.2722

kat 4.3699 17.7012 0.1720 6.4165 23.8660 0.2138 13.7484 45.2384 0.5948 11.8393 39.8806 0.5170

jpn 3.5482 10.3976 0.1443 4.3236 8.8106 0.1024 5.2000 44.5212 0.1600 3.8000 41.4120 0.1600

kan 4.6535 20.5404 0.5200 6.2581 19.3653 0.2069 20.0013 32.0248 0.5376 18.4645 49.4230 0.4972

kor 1.8194 7.6992 0.1394 5.0710 10.5191 0.2414 14.4185 24.0620 0.5523 20.7436 24.5180 0.5494

lao 3.1600 15.0250 0.3880 4.8555 8.6581 0.2219 12.4747 56.8985 0.4123 10.3673 38.3138 0.2958

luo 1.9823 19.0372 0.1003 4.3445 25.0100 0.1881 11.9167 28.6885 0.4051 12.1552 24.6382 0.3377

mon 5.3286 22.2396 0.0985 8.3545 15.7046 0.1594 11.3654 77.0625 0.5571 8.9411 68.6978 0.5250

Translation-CoT

amh 7.9083 18.6945 0.2589 9.6698 9.3980 0.1494 19.8065 55.9116 0.4057 19.8650 59.5856 0.4345

azj 15.6551 18.6407 0.2065 17.5086 30.8306 0.3445 24.3536 46.7782 0.5473 25.4356 49.7168 0.5321

ben 26.3523 21.0742 0.2341 27.5064 36.0597 0.3315 29.0561 60.7262 0.7473 21.6226 40.2186 0.6221

mya 5.2000 23.3996 0.3653 8.7677 23.0640 0.1329 14.0892 36.1350 0.2726 17.3235 29.5983 0.5277

est 7.1270 25.9493 0.2932 9.8641 35.9448 0.5124 36.4815 69.7704 0.7393 33.5824 60.1319 0.7457

tgl 8.3672 37.6469 0.4733 32.4333 72.7265 0.6279 40.5564 83.0445 0.8156 34.4293 76.8364 0.8010

ful 9.8166 22.1473 0.0687 10.0196 21.7357 0.1749 8.4931 21.4404 0.2561 14.8168 20.5132 0.2789

kat 7.1418 25.3149 0.1976 10.4685 30.6767 0.2788 17.4843 55.2384 0.7789 12.6475 41.2311 0.5125

jpn 6.5600 12.0292 0.1759 6.2100 24.6824 0.3500 8.2000 37.6255 0.3600 3.8000 39.1712 0.1600

kan 5.0313 22.3117 0.1958 12.6979 29.1496 0.3104 22.9190 32.8322 0.6664 21.1620 46.8444 0.4996

kor 14.9911 20.1076 0.1979 13.8375 25.9696 0.3763 15.8258 25.2951 0.5540 24.3567 15.5864 0.5342

lao 5.6920 15.0250 0.1388 4.0000 20.7713 0.2483 12.4747 54.4871 0.3910 11.6098 37.4489 0.2778

luo 5.9823 19.0372 0.3010 7.9297 20.3195 0.2131 11.7185 30.2935 0.4459 12.1298 23.4696 0.3444

mon 8.3286 22.2396 0.5130 12.4330 24.4322 0.2077 11.9335 74.4895 0.6012 11.8271 44.8540 0.5365

Table 4: Translation performance (BLEU, ChrF, METEOR) of GPT-4o, GPT-4o-mini, LLaMA-3.1, and
Gemma-2 across 14 evaluated languages for “Eng→X” translation. Scores are the average of each test
set for each language, measured using BLEU, ChrF, and METEOR metrics. Blue shading indicates that
Translation-CoT outperformed both In-Context Learning and Zero-Shot for that metric. Gray shading marks
cases where Zero-Shot scored highest among the three, while orange shading highlights In-Context Learning
as the best performer. Value with no shading indicate a tie across methods for that metric. Higher scores
reflect better translation performance.
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Figure 13: Comparison of CoT-based prompting strategies (Translation-CoT, ToT, and LOT) for multilingual
translation performance across 14 languages from diverse language families using GPT-4o, evaluated using
ChrF (top) and METEOR (bottom) metrics for both translation directions (left: Eng → X , right: X → Eng).
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Direction Language Google NLLB Translation-CoT CoT vs NLLB CoT vs Google

X→Eng

Amharic 38.99 32.98 29.93 – –
Bangla 43.37 36.97 40.51 +9.58% –
Azerbaijani 31.77 28.45 28.68 +0.81% –
Burmese 34.06 30.90 20.44 – –
Filipino 57.79 51.78 55.46 +7.11% –
Estonian 44.49 36.78 42.21 +14.76% –
Fula – – 8.10 – –
Georgian 33.96 29.94 25.96 – –
Japanese 36.68 31.67 30.08 – –
Kannada 39.33 36.89 29.76 – –
Korean 35.85 30.55 33.83 +10.74% –
Lao 43.33 37.49 25.76 – –
Luo – 27.48 10.27 – –
Mongolian 38.39 29.47 24.73 – –

Eng→X

Amharic 32.55 29.12 19.81 – –
Bangla 37.66 34.31 29.06 – –
Azerbaijani 25.92 21.23 24.35 +14.71% –
Burmese 27.10 18.66 14.09 – –
Filipino 41.83 37.46 40.56 +8.28% –
Estonian 41.82 32.73 36.48 +11.46% –
Fula – – 8.49 – –
Georgian 36.06 30.67 17.48 – –
Japanese 42.90 23.98 8.20 – –
Kannada 43.46 37.47 22.92 – –
Korean 31.96 28.08 15.83 – –
Lao 30.20 32.10 12.47 – –
Luo – – 11.72 – –
Mongolian 31.72 21.34 11.93 – –

Table 5: BLEU comparison across Google Translate, NLLB, and GPT-4o Translation-CoT for both translation
directions. Percentage gains are shown only where Translation-CoT outperforms the corresponding baseline.
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