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Abstract

As Large Language Models (LLMs) continue
to advance in capability, prompt engineering
has emerged as a crucial method for optimizing
their performance on specialized tasks. While
prompting strategies like Zero-shot, Few-shot,
Chain-of-Thought, and Tree-of-Thought have
demonstrated significant improvements in rea-
soning tasks, their application to machine trans-
lation has received comparatively less atten-
tion. This paper systematically evaluates these
prompting techniques across diverse language
pairs and domains, measuring their effect on
translation quality. Our findings reveal substan-
tial performance variations between prompting
methods, with certain strategies offering con-
sistent improvements for specific language di-
rections and complexity levels. These results
provide valuable insights for developing more
effective LLM-based translation systems with-
out requiring model fine-tuning and comple-
ment existing works in the field.

1 Introduction

Large Language Models (LLMs) (Brown et al.,
2020; OpenAl et al., 2024) have revolutionized
Natural Language Processing, offering new capa-
bilities for machine translation (MT) that challenge
traditional paradigms. While conventional neu-
ral machine translation (NMT) systems (Bahdanau
et al., 2016; Vaswani et al., 2017) depend on ex-
tensive supervised training with bilingual datasets,
LLMs demonstrate impressive translation abilities
that can be enhanced through strategic prompting
rather than task-specific fine-tuning (Zhang et al.,
2023). These prompting techniques—which have
already transformed performance in reasoning (Wei
et al., 2023), question-answering (Kojima et al.,
2023), and mathematical problem-solving tasks
(Yao et al., 2023)—represent a promising but un-
derstudied approach for translation. As organiza-
tions increasingly deploy LLMs for cross-lingual

communication (Jiao et al., 2023), understanding
how different prompting strategies affect transla-
tion quality across language pairs becomes essen-
tial for both practical applications and theoretical
advancement of the field.

2 Related Works

2.1 LLMs for Machine Translation

Large Language Models (LLMs) (Minaee et al.,
2024; Raiaan et al., 2024; Zhao et al., 2025; Brown
et al., 2020) such as GPT-4 (OpenAl et al., 2024),
Llama 3.3 (Grattafiori et al., 2024), Claude (Enis
and Hopkins, 2024), and Qwen (Qwen et al., 2025)
have demonstrated significant translation capa-
bilities without translation-specific architectures.
These models leverage their pre-training on vast
multilingual corpora to perform cross-lingual tasks
effectively (Lin et al., 2022; Ahuja et al., 2023;
Zhu et al., 2024). Studies by (Jiao et al., 2023),
(Coleman et al., 2024), and (Zhang et al., 2023)
show LLMs can match specialized translation sys-
tems for certain language pairs, with particular ad-
vantages in domain adaptation and context han-
dling (Zhang et al., 2025; Chen et al., 2022; Briva-
Iglesias et al., 2024). LLMs excel at incorporating
contextual information and maintaining semantic
consistency across languages (Zhu et al., 2024; Gar-
cia et al., 2023), though their performance varies
substantially across language pairs (Sanh et al.,
2022; Zhang et al., 2023). High-resource languages
typically benefit from better representation in pre-
training data (Kudugunta et al., 2023; Team et al.,
2022), while low-resource languages often present
ongoing challenges (Ahuja et al., 2023; Huang
et al., 2023; Ghazvininejad et al., 2023). Unlike
specialized translation models that require exten-
sive fine-tuning for optimal results, LLMs can be
adapted for translation tasks through prompt engi-
neering techniques (Wei et al., 2023; Zhou et al.,
2023; Liu et al., 2022), offering flexibility with-



out the computational cost of retraining. However,
challenges remain in optimizing these prompting
approaches (Yao et al., 2023; Zhang et al., 2024),
ensuring consistent quality across diverse language
combinations (Zhu et al., 2024; Xie et al., 2023),
and addressing the computational demands of in-
ference with large models (Xia et al., 2024; Bapna
and Firat, 2019).

2.2 Prompting Strategies for Translation

Prompting strategies fundamentally shape how
LLMs approach translation tasks, offering different
trade-offs between simplicity, performance, and
computational efficiency. We examine four ma-
jor prompting paradigms and their applications to
machine translation.

2.2.1 Zero-shot & Few-shot prompting

Zero-shot prompting leverages an LLM’s pre-
trained knowledge to perform translations without
any task-specific examples (Brown et al., 2020).
This approach relies entirely on the model’s exist-
ing parameters, making its effectiveness heavily
dependent on the language pair’s representation in
the pre-training corpus (Vilar et al., 2023). While
effective for high-resource languages, zero-shot
translation often falters with idiomatic expressions,
rare vocabulary, and specialized terminology (Jiao
et al., 2023).

Few-shot prompting aims to enhance translation
quality by incorporating example translations di-
rectly in the prompt (Brown et al., 2020), as illus-
trated in Table 1. These in-context examples allow
the model to recognize translation patterns specific
to the current task, improving both accuracy and
fluency (Tan et al., 2022). The effectiveness of few-
shot prompting depends critically on three factors:
(1) the quality of provided examples, (2) their di-
versity across linguistic constructions, and (3) their
relevance to the target domain.

2.2.2 Chain-of-Thought & Tree-of-Thought
prompting

While zero-shot and few-shot approaches provide
direct translation, more sophisticated reasoning-
based prompting techniques have emerged to ad-
dress complex translation challenges. Chain-of-
Thought (CoT) prompting (Wei et al., 2023) breaks
down complex reasoning into intermediate steps,
enabling LLMs to explicitly track grammatical
transformations, handle idiomatic expressions, and
maintain semantic consistency across languages.

By decomposing the translation process, CoT can
potentially improve handling of linguistic phenom-
ena like long-range dependencies and structural
divergences between languages.

Tree-of-Thought (ToT) prompting (Yao et al.,
2023) extends this concept by enabling exploration
of multiple translation candidates simultaneously.
This approach allows the model to consider alter-
native phrasings, grammatical structures, or word
choices before selecting the optimal translation
path. Recent work by (Zhang et al., 2023) has
begun exploring these advanced prompting strate-
gies for translation, but comprehensive evaluation
across diverse language pairs and LLM architec-
tures remains limited.

2.3 Domain Adaptation & Noisy Texts MT

Domain adaptation in machine translation has been
extensively studied, with comprehensive surveys
provided by Chu and Wang (2018) and Saun-
ders (2022). Previous work has explored vari-
ous approaches, including nearest-neighbor meth-
ods (Martins et al., 2022), unsupervised learning
techniques (Yang et al., 2018), and knowledge
distillation (Wang et al., 2024). With the emer-
gence of Large Language Models (LLMs) in ma-
chine translation, recent research has shifted toward
multi-domain adaptation. Li et al. (2023) proposed
a multi-task in-context learning approach, while
Lu et al. (2024) introduced Chain-of-Dictionary
prompting for low-resource language adaptation.

Handling noisy data remains a significant chal-
lenge in NLP. (Al Sharou et al.,, 2021) define
noisy text characteristics, while (Yuan et al., 2024)
leverage noisy labels to enhance LLM robustness.
(Zheng and Saparov, 2023) improve multi-hop rea-
soning through noisy exemplars, and in machine
translation, (Herold et al., 2022) explore noise de-
tection for NMT. Prior work by (Bolding et al.,
2023) employs LLMs for noise cleaning, and (Vo-
gel, 2003) investigate the use of noisy bilingual
datasets for NMT.

3 Methodology
3.1 Zero-Shot & Few-Shot Prompting for MT

For our experimental evaluation, we implemented
zero-shot and few-shot prompting strategies as de-
tailed in Table 1. For few-shot prompting, we
carefully selected three representative examples
per language pair, ensuring diversity in sentence
length, grammatical structures, and vocabulary. Ex-



Zero-Shot Prompting [5]

Translate the following sentence
from [SRC] to [TGT]: main text

Few-Shot Prompting (3-shot) [6]

Translate the following sentence
from [SRC] to [TGT]: sample text 1

Translate the following sentence
from [SRC] to [TGT]: sample text 2

Translate the following sentence
from [SRC] to [TGT]: sample text 3

Now, translate the following sentence
from [SRC] to [TGT]: main text

Table 1: Prompting templates for Zero-Shot and Few-
Shot strategies in LLM-based machine translation.

ample selection was based on two criteria: (1) high-
quality professional translations from parallel cor-
pora, and (2) coverage of common linguistic phe-
nomena in the target languages.

All prompts were kept consistent across exper-
iments, with only the language pair identifiers
(ISRC]/ [TGT)) and text samples varying. This
standardization ensures that performance differ-
ences can be attributed to the prompting strategy
rather than prompt wording variations.

3.2 Advanced Prompting Techniques for MT

Beyond basic zero-shot and few-shot approaches,
we investigate structured reasoning prompts that
guide models through explicit translation processes.
We evaluate two advanced techniques—Chain-of-
Thought and Tree-of-Thought—across multiple
translation tasks to assess their impact on accuracy,
fluency, and contextual understanding.

3.2.1 CoT Prompting for MT

Chain-of-Thought (CoT) prompting (Wei et al.,
2023) encourages step-by-step reasoning by de-
composing complex tasks into intermediate steps.
For translation, we formalize this as a process that
transforms source text x € X into targettexty € Y
through a structured workflow of sequential opera-
tions.

Our implementation begins with a segmentation
function S : X — {x1,x9, ..., x,, } that partitions
complex input into manageable units. Each seg-
ment then undergoes processing through a transla-
tion engine 7" that implements a four-step reasoning
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Figure 1: Chain-of-Thought (CoT) translation workflow
featuring: (1) text segmentation, (2) sequential reason-
ing process (analysis, disambiguation, generation, ver-
ification), (3) confidence scoring, and (4) aggregation
for cohesive output. This approach excels with complex
syntactic structures and cultural nuances.

chain:

T<$z) = fverify o fgen o fdisambig o fanalysis (xz)

6]

where fanalysis performs syntactic and semantic
assessment, fgisambig resolves lexical ambiguities,
feen produces the initial translation, and fyeriry val-
idates semantic equivalence. Each translated seg-
ment receives a confidence score ¢; € [1,10] based
on the model’s certainty.

The segments then flow through an aggregation
function A that reconciles potential inconsistencies
across segment boundaries:

A({(yh Cl)v (y27 CQ)? ey (ym7cm)}) — y/ (2)

A final integration step ensures lexical cohesion
and stylistic consistency to produce the complete
translation y.

Our experiments revealed mixed results across
language pairs. CoT demonstrated statistically sig-
nificant improvements (p < 0.05) for languages



with substantial structural divergence from English
(particularly Japanese and Chinese), but with mod-
est overall gains. While the explicit reasoning steps
sometimes effectively bridged linguistic gaps, they
occasionally introduced error propagation or unnec-
essary verbosity that complicated the translation
process.
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Figure 2: Tree-of-Thought (ToT) translation framework
employing: (1) comprehensive text analysis, (2) par-
allel generation of multiple translation candidates, (3)
multi-dimensional evaluation (accuracy, fluency, style,
cultural appropriateness), and (4) weighted selection
of optimal output. This approach excels with poly-
semous terms, idiomatic expressions, and culturally-
specific content.

3.2.2 ToT Prompting for MT

Tree-of-Thought (ToT) prompting (Yao et al., 2023)
extends the linear CoT approach by implementing
a branching structure that explores multiple transla-
tion candidates simultaneously. Formally, ToT can
be represented as a directed tree 7' = (V, E') where
nodes v € V correspond to translation states and
edges e € E represent transitions between these
states.

The process begins with a comprehensive text
analysis function A : X — Z that maps the source
text z € X to a feature space Z capturing contex-
tual dependencies, linguistic challenges, and stylis-
tic elements. Unlike the sequential CoT approach,
ToT then employs a branching generation function
G : Z — {z, 29, ..., 2} that produces k distinct
translation candidates, where each z; represents a
different interpretation or rendering approach.

These candidates undergo multi-dimensional
evaluation through a function £ : Z — R?
that maps each translation to a 4-tuple of scores
(Saces 8 flu, Sstys Seul) € [1, 10]* representing accu-
racy, fluency, stylistic fidelity, and cultural appropri-
ateness, respectively. The final selection function
S {(zi, E(2:))}F_, — v identifies the optimal
translation by computing a weighted aggregate of
these evaluation dimensions.

Our experiments demonstrate that ToT prompt-
ing outperforms baseline methods when handling
polysemous terms, idiomatic expressions, and
culturally-specific concepts. The approach shows
particular strength in creative text domains where
stylistic considerations are paramount, yielding im-
provements in human evaluation scores for literary
translation tasks (will be described more careful in
Section 4). However, this performance gain comes
with increased computational costs of O(k - |z|)
and prompt complexity that must be considered for
practical applications.

3.3 Self-Guided Reasoning Promptings for
MT

While previous sections examined structured rea-
soning across predefined prompting patterns, this
section explores how LLMs can autonomously
adapt to domain-specific content without explicit
domain instructions (Wei et al., 2023; Yao et al.,
2023). We formalize this approach as a two-phase
translation process:



Standard Prompt

System: You are a machine translation system.
User: Translate the following text from [SRC] to [TGT]:
<input_text>

Domain-Specific Prompt (DSP)

System: You are a machine translation system that trans-
lates sentences in the [DOMAIN] domain.

User: Translate the following text from [SRC] to [TGT]:
<input_text>

Self-Guided CoT/ToT Prompt

System: You are a machine translation system.
User: Translate from [SRC] to [TGT]: <input_text>
Domain Analysis:

e Extract specialized terminology and domain-specific
jargon

e Autonomously identify the domain (medical, legal, tech-
nical, etc.)

e Determine appropriate register and stylistic conventions.

Follow the template for translation for CoT or ToT as de-
scribed in section 3.2

Table 2: Prompting templates for different methods
in domain adaptation translation tasks. The table
illustrates three distinct approaches: Standard (ba-
sic instructions), Domain-Specific (explicit domain
indication in the system prompt), and Self-Guided
CoT/ToT (autonomous domain inference with rea-
soning).

D= fanalyze(x) (3)
Yy = ftranslate(x> D) (4)

where fanalyze : X — D is a domain inference
function that maps input x to domain attributes
D € D, and firansiate : X X D — Y is a domain-
aware translation function.

Table 2 presents three distinct prompting ap-
proaches. The Standard Prompt represents the
baseline with no domain awareness. The Domain-
Specific Prompt (DSP) explicitly provides domain
D (Zhang et al., 2023; Vilar et al., 2023). In con-
trast, the Self-Guided CoT/ToT Prompt induces
the model to infer D through autonomous analysis
(Zhou et al., 2023; Xie et al., 2023). We evaluate
these approaches across multiple domains and lan-
guage pairs to assess their impact on translation
quality and domain adaptation capabilities.

3.4 Model & Hyper-parameters

We conducted experiments using commercial (GPT-
40 Mini) and open-source (Qwen 2.5 70B Turbo
via Together AI) models. These models represent

diverse architectures and training paradigms, allow-
ing assessment across different model families. All
experiments were conducted January-March 2025
using the latest available versions.

For each translation task, we applied methods
from Section 3.1 and 3.2. We used a temperature
of 0.6 for all generations to balance deterministic
outputs with sufficient diversity. Other generation
parameters included a maximum token limit of
2048, top-p value of 0.9, and no repetition penalty.
For ToT prompting, we generated 3 candidate trans-
lations per input before selecting the optimal out-
put based on the evaluation criteria described in
Section 3.2.2. All prompts were implemented us-
ing the models’ APIs with consistent system mes-
sages across experiments, varying only the specific
prompting technique. For the domain adaptation
experiments, we ensured no domain information
was leaked to the models except in the explicit
Domain-Specific Prompting condition.

3.5 Dataset & Evaluation

We evaluate translation capabilities across mul-
tiple dimensions: multilingual translation using
FLORES-200(NLLB Team et al., 2024) (English,
German, Mandarin Chinese, Vietnamese); domain
adaptability with WMT 2019 Biomedical(Bawden
et al., 2019), WMT 2019 News(Barrault et al.,
2019), and WMT 2020 Chat(Farajian et al., 2020)
datasets; and robustness to noise using MTNT
(Michel and Neubig). For each dataset, we ran-
domly sample from 300 to 600 sentences for evalu-
ation. Our assessment employs three complemen-
tary metrics: SacreBLEU (Post, 2018) for n-gram
overlap, COMET (Rei et al., 2020) (using the
wmt22-comet-da model) for semantic adequacy,
and ChrF (Popovié, 2015) for character-level as-
sessment particularly beneficial for morphologi-
cally rich languages. This combination provides a
comprehensive evaluation of both lexical and se-
mantic fidelity.

4 Results & Analysis

4.1 Multilingual Translation

Building upon previous findings (Peng et al., 2023;
Wei et al., 2023), our research evaluates reasoning-
based prompting approaches for machine trans-
lation using 50 samples from the FLORES-200
dataset (NLLB Team et al., 2024) across four lan-
guage pairs.

Table 3 demonstrates that ToT prompting with



Table 3: Impact of Reasoning Prompting on Multilingual Translation Performance

EN—DE DE—EN EN—ZH ZH—EN
Method COMET BLEU COMET BLEU COMET BLEU COMET BLEU
GPT-40 Mini
Baseline 90.56 37.23 90.63 42.31 89.60 31.53 87.81 25.83
+ 0-shot CoT 88.08; 31.17, 88.96, 38.94, 86.37, 18.93, 86.19, 20.26,
+ 1-shot CoT 87.84, 36.19, 89.41, 38.63, 87.07, 21.21; 86.24, 21.77,
+ ToT 91.58 43.63 91.42 45.36 88.98, 29.52, 88.21 26.13
Qwen 2.5 Turbo
Baseline 87.83 31.34 90.35 40.81 90.02 34.02 88.42 31.11
+ 0-shot CoT 88.17 30.87; 89.68 37.52, 88.27, 24.04, 87.42, 21.24,
+ 1-shot CoT ~ 58.89, 1043, 88.58, 37.77, 88.45, 28.27, 87.66, 22.70,
+ ToT 88.40 33.43 89.76 41.47 90.66 34.51 87.97, 26.64,

Note: 1/, indicates improvement/deterioration compared to baseline. The baseline is the result of zero-shot prompting to LLMs.
Bold values highlight the best results for each language pair and metric. CoT = Chain-of-Thought, ToT = Tree-of-Thought

prompting.

GPT-40 Mini significantly outperforms the baseline
for European languages (+6.4 BLEU for EN—DE,
+3.05 BLEU for DE—EN), while both zero-shot
and one-shot CoT approaches consistently under-
perform across all language pairs. Qwen 2.5 Turbo
shows more varied responses, with ToT improv-
ing performance for three language pairs but one-
shot CoT causing catastrophic performance col-
lapse for EN—DE (-20.91 BLEU). These patterns
highlight model-specific responses to reasoning
prompts (Chen et al., 2024) and ToT’s superior han-
dling of translation’s branching complexity (Xie
et al., 2023).

4.2 Domain Adaptation

We assess the effectiveness of reasoning-based
prompting for domain adaptation in multilingual
translation. Inspired by Zhou et al. (2024), we de-
signed self-guided prompts (shown in Table 2) that
enable models to autonomously infer the domain of
a given text by identifying key terminology. This
differs from conventional approaches that require
manual domain specification (Peng et al., 2023).
We evaluate these Self-Guided Chain-of-
Thought (SG-CoT) and Tree-of-Thought (SG-ToT)
methods on the WMT 2019 Biomedical and WMT
2019 News datasets, comparing against standard
and domain-specific baselines. Table 4 reveals
three key advantages of self-guided reasoning, with
SG-ToT demonstrating the strongest performance:

* Cross-domain flexibility: SG-ToT improves
COMET scores across domains: +1.69 for

EN—ZH biomedical and +0.87 for DE—EN
news translation (Garcia et al., 2023).

* Terminology consistency: SG-ToT excels in
terminology-dense contexts, achieving +4.06
BLEU (23.11 — 27.17) for ZH—EN biomed-
ical translation with Qwen 2.5 Turbo (Peng
et al., 2023).

* Domain-adaptive accuracy: For biomedi-
cal content, SG-ToT consistently outperforms
both baseline and domain-specific prompt-
ing, with up to +2.89 BLEU improvement
for ZH—EN translation (Team et al., 2022).

Interestingly, SG-CoT shows inconsistent perfor-
mance, suggesting that exploring multiple transla-
tion candidates (as in ToT) is crucial for effective
self-guided domain adaptation.

4.3 Noisy Texts

Building upon (Michel and Neubig), we apply our
prompting methods to translate noisy text sourced
from Reddit comments, containing typos, grammat-
ical errors, code-switching, and other informalities.
LLMs are tasked with translating between English
(en), French (fr), and Japanese (ja). The results
in Table 5 demonstrate that our approach signifi-
cantly outperforms the previous work of (Michel
and Neubig) in translating noisy text, highlighting
the ability of modern LLMs to maintain translation
quality even in the presence of data inconsistencies
(Sperber et al., 2017).

ToT prompting exhibits strong performance with
GPT-40 Mini, achieving the highest scores for



WMT19 Biomedical WMT19 News
System EN—ZH ZH—EN EN—DE DE—EN
COMET BLEU COMET BLEU COMET BLEU COMET BLEU
GPT-40 mini
_ Baseline  86.10 2089 ~ 8332 2253 8765 3316 8829  38.14
+ DSP 87.037 21507 84.48" 2398" 88.55" 34.75T 88.48"T  38.787
+ E-DSP 86.01=  20.51% 8333+ 23007 87.68" 33307 8825+  38.13¢
+SG-CoT = 83.83%  18.12% 83.52" 25.697 8548 29.58% 86.28*  33.00%
+SG-ToT  87.797 21747 83.69T 2542" 88397 3458" 88.867  38.11t
Qwen 2.5 Turbo
_ Baseline 8655 = 2270 8340 2311  86.17 2883 8799  38.28
+ DSP 86.47— 22.62= 83537 23187  86.56T 29377 88297  38.81T
+ F-DSP 86.54=  22.59= 8326 2293* 86.72T  29.177  88.24T  37.74%
+SG-CoT  85.64%  21.19%  8141% 25907 61.48* 8.60% 87.28+  34.52¢
+SG-ToT  87.08" 2292" 8439T 27177 85.26% 28.12% 88.85T  37.95%

Table 4: Translation performance comparison on WMT 2019 Biomedical and WMT 2019 News datasets. Cell
colors indicate performance relative to baseline: green = improvement (darker = stronger), red = degradation,
= minimal change. Symbols indicate direction: 1 = improvement, | = degradation, = = no significant
change. DSP = Domain-Specific Prompting, F-DSP = False Domain-Specific Prompting, SG = Self-guided, CoT =
Chain-of-Thought, ToT = Tree-of-Thought. Bold numbers indicate best performance per column.

fr—en (38.99) and en—ja (30.54), while zero-shot
and few-shot approaches also perform well in spe-
cific language pairs. Notably, CoT prompting un-
derperforms compared to other methods, partic-
ularly with Qwen 2.5 Turbo where performance
degrades substantially (e.g., only 11.65 BLEU for
fr—en). This suggests that the linear reasoning
process of CoT may amplify errors when handling
noisy inputs (Wang et al., 2023), while ToT’s explo-
ration of multiple translation candidates provides
greater robustness (Yao et al., 2023; Xie et al.,,
2023). Overall, GPT-40 Mini demonstrates su-
perior performance compared to Qwen 2.5 Turbo
across all prompting methods, indicating stronger
resilience to textual noise in commercial models
(Ateia and Kruschwitz, 2024).

4.4 Ablation Study

Tree-of-Thought: To identify essential ToT com-
ponents for translation, we systematically removed
individual elements and measured performance im-
pacts (Table 6). Using the same FLORES-200
dataset from Section 4.1 with English to German
(EN—DE) translation, we found that for GPT-40
Mini, candidate branching proved most critical (-
8.5% when removed), while analysis and multi-
dimensional evaluation showed similar importance
(approximately -4.6%). Qwen 2.5 Turbo exhibited
stronger dependencies, particularly on the analysis
phase (-18.6%) and branching (-14.1%), suggest-

ing open-source models benefit substantially from
structured reasoning. These findings confirm that
ToT’s effectiveness stems from the complementary
interaction of its components, with their relative
importance varying by model architecture.

System Method Translation Direction
en—fr fr—en en—ja ja—en

Prior Work

Michel & Neu- Base 21.77 2327 9.02  6.65

big (2018)

Michel & Neu- Finetuned 29.73 30.29 1245 9.82

big (2018)

Our Approach

GPT-40o Mini ~ Zero-shot 38.63 38.84 30.37 14.70
3-shot 26.04 39.21 18.80 15.16
CoT 26.46 38.01 28.28 12091
ToT 36.51 3899 30.54 14.56

Qwen 2.5 Zero-shot 34.30 34.30 23.47 10.75
3-shot 3426 35.16 1298 1149
CoT 1636 11.65 13.59 10.38
ToT 32.78 2037 24.09 11.68

Table 5: BLEU scores for noisy text translation across
four language directions using LLM prompting meth-
ods, compared to Michel & Neubig (2018). GPT-4o0
Mini’s ToT prompting excels (e.g., 38.99 for fr—en,
30.54 for en—ja), with zero-shot (38.63, en—fr) and 3-
shot (15.16, ja—en) also outperforming prior finetuned
models. Blue shading denotes strong (light) and top
(dark) scores.
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Figure 3: BLEU scores for multilingual translation across temperature settings (0.2-1.0) for English (EN) to German
(DE), Chinese (ZH), and Vietnamese (VN). Higher values indicate better performance.

Table 6: Impact of ToT Components: Ablation Study
Results (BLEU Scores)

Method GPT-40 Mini Qwen 2.5 Turbo
BLEU ABLEU | BLEU ABLEU
_Full ToT (Base) | 4526 = — | 3343 —
w/o Analysis 4314  -47% | 2721 -18.6%
w/o Branching 4143  -85% | 2870 -14.1%
w/o Multi-Evaluation | 43.19 -4.6% 29.61 -11.4%
w/ Random Selection | 42.35  -6.4% 3312 -09%

Temperature: Temperature governs LLM text
generation randomness, affecting translation faith-
fulness and fluency. We evaluate settings from
0.2 to 1.0 across language pairs using both lexi-
cal (BLEU) and semantic (COMET) metrics. Fig-
ures 3 and 8 reveal: (1) language-specific optimal
temperatures, with EN—ZH favoring lower set-
tings (0.2-0.4), especially for GPT-40 mini; (2)
model-specific sensitivity, with GPT-40 mini show-
ing greater performance variation across temper-
atures; (3) occasional BLEU and COMET trend
divergence, underscoring multi-metric evaluation
importance (Rei et al., 2020); and (4) performance
decline at higher temperatures (near 1.0) for most
language pairs. These findings highlight the neces-
sity of language-specific temperature optimization
for multilingual LLM translation (Holtzman et al.,
2020).

Discussion and Future Work

Our experiments show ToT prompting signifi-
cantly enhances translation accuracy for multilin-
gual and noisy-text scenarios, outperforming CoT
approaches (Yao et al., 2023). Our self-guided
domain adaptation performs competitively with

explicit domain-specific methods while reducing
manual effort. However, these reasoning-based
approaches increase computational costs, creating
scalability challenges (Wu et al., 2023).

The commercial model (GPT-40 Mini) con-
sistently outperforms the open-source alternative
(Qwen 2.5 Turbo) across all prompting strategies,
with this gap widening for ToT prompting. Open-
source models perform adequately on simpler tasks
but struggle with complex reasoning, suggesting
advantages in proprietary training methodologies.

Future work includes optimizing prompt effi-
ciency, evaluating low-resource languages (Team
et al., 2022) and specialized domains, integrating
prompting with fine-tuning, and conducting human-
in-the-loop studies..
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Figure 4: Token count per method. ZS = Zero-shot, 3S
= Three-shot, CoT = Chain-of-Thought, ToT = Tree-of-
Thought, SG = Self-guided.



Limitations

While this study provides valuable insights into
reasoning-based prompting for machine translation,
several limitations remain.

First, due to financial constraints, we could
not evaluate a broader range of commercial and
open-source models, such as Claude 3.5 Sonnet,
Llama 3.3, and Gemini 2.0 Flash, limiting cross-
architecture comparisons.

Second, Chain-of-Thought (CoT) and Tree-
of-Thought (ToT) prompting incur high computa-
tional costs due to increased token usage (Figure 4),
resulting in substantial API expenses (Figure 7).
This may hinder accessibility, particularly for re-
searchers with limited resources.

Finally, our experiments focus on benchmark
datasets, which may not fully capture real-world
domain shifts and informal text variations. Future
work should explore these approaches in diverse,
real-world translation scenarios to assess their ro-
bustness.
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A Appendix

A.1 Multilingual Translation for Zero and

Few-shot Prompting

Table 7 presents results for zero-shot and few-shot
translation across six language directions. Our
analysis reveals language-specific strengths in the
two models: GPT-40 mini excels in Germanic and
Vietnamese translations with up to 7.36 BLEU
points advantage for EN—DE, while Qwen 2.5
72B Turbo demonstrates superior performance in
Chinese-related pairs with consistent advantages
in both directions. Notably, few-shot prompting
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Table 7: Zero-shot and few-shot prompting performance for multilingual translation

EN—DE EN—ZH EN—VN
COMET BLEU ChrF COMET BLEU ChrF COMET BLEU ChrF

Model

Zero-shot prompting
GPT-40 mini 88.78 38.43 6733 88.78 30.20 41.08  89.73 39.45 60.63
Qwen 2.5 72B Turbo  87.25 3343 63.25  89.02 30.32 41.05 89.33 38.22  59.30

Few-shot prompting (3-shot)

GPT-40 mini 88.56 38.59 67.34 8843 29.21 40.08  89.69 39.25 60.64
Qwen 2.5 72B Turbo  86.15 3123 61.72  88.18 30.60 41.28  88.67 37.72  58.60
Model DE—EN ZH—EN VN—EN

COMET BLEU ChrF COMET BLEU ChrF COMET BLEU ChrF

Zero-shot prompting
GPT-40 mini 89.61 42.16 69.89 87.32 26.77 59.74  88.04 34.05 63.77
Qwen 2.5 72B Turbo  89.30 4090 69.02 87.59 29.29 61.11 87.01 33.67 62.90

Few-shot prompting (3-shot)
GPT-40 mini 89.50 4196 69.72 87.14 27.00 59.78  87.89 3341 63.40
Qwen 2.5 72B Turbo  89.56 41.16 6942  87.25 2788 60.53  87.65 3435 64.05

Note: Best results for each language pair and metric are in bold. COMET scores are multiplied by 100 for readability. EN
stands for English, DE for German, ZH for Chinese, VN for Vietnamese.

does not consistently improve over zero-shot per-
formance, contradicting patterns observed in other
NLP tasks (Brown et al., 2020; Wei et al., 2022).
This suggests both models possess robust internal
cross-lingual representations that sufficiently han-

dle translation without explicit examples (Johnson | T O
et al., 2017). Additionally, both models generally

. . N Q: Translate the following text from English to
perform better when translating into English rather Vietnamese: Hello!

« . . . . A: Xin Chao!
than from English, aligning with established pat-
terns in machine translation research (Freitag et al., Q: Translate the following text from English to
German: Good morning. Mai t
202 1 ). A: Guten Morgen. Gl [Pl
Q: Translate the following text from English to Translate the fOHOWing text from
Chinese: Thank you. English to Chinese:
A . 1 love you!

Translate the following text from English to Chinese:

| love you! 2EHe
R
| . -
LJ L) .. l
R
Output
® s
l Figure 6: The workflow of few-shot prompting
Output

Figure 5: The workflow of zero-shot prompting
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Cost Comparison of Different Prompting Methods

GPT-40 Mini ($0.75/1M tokens) Qwen 2.5 Turbo ($1.20/1M tokens)
6 -
5 8
o 3
2 41
O 21
1 :‘/ 2 —//
O T T T T T O ‘I T T T T T
2k 4k 6k 8k 10k 2k 4k 6k 8k 10k
Number of Translations Number of Translations

—— 7S =+ 3§ =—e— Z7ZS-CoT =e— 1S-CoT =—e— ToT == SG-CoT -—=— SG-ToT

Figure 7: Cost for API calls for translation across different methods, highlighting the higher cost of reasoning
prompts due to their increased token usage (Figure 4).

EN - ZH EN - DE EN -» VN
90.0 - - 79001 89,03 89,03
89,86 89.84
EEB
89.5- E T I 8937

89.0- 88,90 88,86 88.84

COMET Score

i
0.2 0.4 0.6 0.8 1.0 0.2 0.4 0.6 0.8 1.0 0.2 0.4 0.6 0.8 1.0
Temperature Temperature Temperature

—8— GPT-40 mini - Qwen

Figure 8: COMET scores for multilingual translation across temperature settings (0.2-1.0) for English (EN) to
German (DE), Chinese (ZH), and Vietnamese (VN). Higher values indicate better performance.
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Full Source | The researchers observed crystals formed in cat urine by the addition of melamine

Text and cyanuric acid

Approach Process

Chain-of- Step 1: The researchers observed
Thought

— Die Forscher beobachteten

Step 2: crystals formed
— gebildete Kristalle
Step 3: in cat urine

— in Katzenurin

Step 4: by the addition of
— durch die Zugabe von
Step 5: melamine

— Melamin

Step 6: and

— und

Step 7: cyanuric acid

— Zyanursiure

Final: Die Forscher beobachteten gebildete Kristalle in Katzenurin durch die Zugabe von
Melamin und Zyanursiure.

Initial Analysis:

¢ Overall Meaning: The researchers discovered crystals in cat urine that formed due
to the addition of melamine and cyanuric acid.

Tree-of-

Thought e Challenges: Technical terms (melamine, cyanuric acid), Potential ambiguity in

phrasing, Scientific context may require precise translation.

» Tone and Style: Formal and scientific, appropriate for academic or research con-
texts.

Alt 1 (Literal): Die Forscher entdeckten Kristalle im Katzenurin, die durch die Zugabe
von Melamin und Zyanursédure gebildet wurden.

Score: 10/10

Alt 2 (Natural): Die Forscher fanden Kristalle im Urin von Katzen, die durch die Zugabe
von Melamin und Zyanursiure entstanden sind.

Score: 9/10

Alt 3 (Restructured): Kristalle, die im Katzenurin gefunden wurden, hatten sich durch
die Zugabe von Melamin und Zyanursdure gebildet, so die Forscher.

Score: 9/10

Alt 4 (Casual): Die Forscher haben Kristalle im Katzenurin entdeckt, die durch Melamin
und Zyanursiure entstanden sind.

Score: 8/10

Final Choice: Die Forscher entdeckten Kristalle im Katzenurin, die durch die Zugabe
von Melamin und Zyanursédure gebildet wurden.

Source Text Direct Translation Initial Analysis Translation Alternative Quality Score Final Translation

Figure 9: Translation approaches comparison (English — German) showing Chain-of-Thought and Tree-of-Thought
reasoning processes.
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Full Source | A 28-year-old chef who had recently moved to San Francisco was found dead in the

Text stairwell of a local mall this week
Approach Process

Chain-of- Step 1: A 28-year-old chef
Thought

— Ein 28-jdhriger Koch

Step 2: who had recently moved to San Francisco

— der kiirzlich nach San Francisco gezogen war
Step 3: was found dead

— wurde tot aufgefunden

Step 4: in the stairwell of a local mall

— im Treppenhaus eines ortlichen Einkaufszentrums
Step 5: this week

— in dieser Woche

Final: Ein 28-jahriger Koch, der kiirzlich nach San Francisco gezogen war, wurde tot
aufgefunden im Treppenhaus eines ortlichen Einkaufszentrums in dieser Woche.

Domain Analysis: News
Tree-of- Features: journalistic style, concise reporting, factual information
Thought Requirements: clear and accessible language, maintain objectivity

Alt 1 (Journalistic): Ein 28-jahriger Koch, der kiirzlich nach San Francisco gezogen war,
wurde diese Woche tot im Treppenhaus eines lokalen Einkaufszentrums aufgefunden.

Domain Accuracy: 9/10
Technical Precision: 9/10
Overall: 9/10

Alt 2 (Balanced): Diese Woche wurde ein 28-jiahriger Koch, der vor kurzem nach San
Francisco gezogen ist, tot im Treppenhaus eines Einkaufszentrums gefunden.

Domain Accuracy: 8/10
Audience Fit: 9/10
Overall: 8/10

Alt 3 (Accessible): Ein 28-jahriger Koch, der neu in San Francisco war, wurde diese
Woche tot in einem Einkaufszentrum gefunden.

Domain Accuracy: 7/10
Audience Fit: 10/10
Overall: 8/10

Final Choice: Ein 28-jidhriger Koch, der kiirzlich nach San Francisco gezogen war, wurde
diese Woche tot im Treppenhaus eines lokalen Einkaufszentrums aufgefunden.
Domain Confidence: 9/10

Source Text Direct Translation Domain Analysis Translation Alternative Evaluation Score Final Translation

Figure 10: Domain Adaptation translation (News domain) comparison (English — German) showing Chain-of-
Thought and Tree-of-Thought reasoning processes.
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