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Abstract

Large language models (LLMs)-based multi-
agent systems have recently shown strong po-
tential for machine translation (MT). However,
their application to multi-domain translation
(MDT) remains under-explored, particularly
in addressing cross-domain word ambiguity.
To investigate whether multi-agent approaches
can help disambiguation in MDT, we propose
a multi-agent collaborative disambiguation
framework for MDT (MACD), which leverages
the collaborative capabilities of LLMs for dis-
ambiguation. MACD consists of four cooper-
ating agents responsible for domain allocation,
general translation, domain disambiguation,
and translation fusion. Experimental results
show that MACD significantly improves trans-
lation performance across multiple domains
and enhances disambiguation accuracy. Our ap-
proach reveals several findings on multi-agent
collaboration in resolving word ambiguities. !

1 Introduction

In recent years, large language models (LLMs)
have achieved promising results in machine trans-
lation (MT), demonstrating strong potential for
practical applications (Qian et al., 2024; Lu et al.,
2025; Liang et al., 2025; Feng et al., 2025; Qi et al.,
2025, 2026). However, their performance in multi-
domain translation (MDT) remains unsatisfactory,
primarily due to severe cross-domain word ambigu-
ity, where the same word requires different transla-
tions depending on the domain context (Man et al.,
2025). For example, the English word “cell” should
be translated as the Chinese word “Y% K (a small
room in a prison for holding prisoners)” in the Law
domain, while in the Science domain it corresponds
to “%a J, (the basic structural and functional unit
of living organisms)”. Therefore, disambiguation
in MDT has become a critical challenge.
Corresponding author.

!GitHub Repository: https://github.com/Manowen/
MACD

Regarding the above-mentioned challenge, pre-
vious work mainly focuses on two aspects: (1)
Conventional Multi-domain Neural Machine Trans-
lation (NMT) (Jiang et al., 2020; Lee et al.,
2022; Man et al., 2023, 2024), which incorpo-
rates sentence-level and word-level domain labels
as domain features into NMT framework; and (2)
LLM-based Multi-domain Translation (Hu et al.,
2024; Ye et al., 2025; Man et al., 2025), which ex-
plores how to improve MDT performance under
the LLMs. Compared with (1), LLM-based MDT
relies on prompting strategies to incorporate do-
main information and steer LLMs toward domain-
specific translations. Despite their promise, these
methods are primarily prompting-based and do not
fully exploit the diverse capabilities of LLMs.

To resolve this limitation, researchers explore
multi-agent translation (MAT) frameworks (Wu
et al., 2024; Kim, 2025), in which LLMs assume
different roles throughout the translation process.
For example, Transagents (Wu et al., 2025) assigns
specific translation roles to multiple LLM-based
agents to simulate real-world translation workflows.
MAT leverages the complementary strengths of
LLMs across these roles, yet this naturally raises
the question: Can multi-agent approaches help
disambiguation in multi-domain translation?

To address the above research question, we pro-
pose a multi-agent collaborative disambiguation
framework for multi-domain translation (MACD).
Specifically, MACD consists of four collaborative
agents. Domain allocation agent identifies domain
labels for input sentences, enabling accurate assign-
ment to subsequent agents and facilitating effective
collaboration. General translation agent captures
cross-domain general knowledge, while domain
disambiguation agent resolves ambiguous words by
generating translations with clear domain-specific
features. Translation fusion agent collaborates with
other agents to integrate candidate translations into
a coherent final output. Together, these agents en-
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Figure 1: The MACD framework: an English-to-Chinese translation case to illustrate the collaborative process.

able MACD to effectively address cross-domain
word ambiguities.

Our contributions are threefold: (1) We pro-
pose a simple yet effective autonomous collabo-
rative multi-agent framework for MDT to resolve
cross-domain ambiguity. (2) We design specialized
agents with distinct roles to perform cross-domain
disambiguation in a coordinated manner. (3) Ex-
periments on public MDT benchmarks show that
our method significantly improves both translation
quality and disambiguation accuracy, yielding sev-
eral meaningful findings and analyses.

2 Approach

2.1 Multi-agent Translation Background

A multi-agent translation framework views transla-
tion as a collaborative process among specialized
agents with distinct roles (e.g., analysis, drafting,
post-editing), reflecting real-world workflows and
enabling LLMs to operate within a unified system
(Wu et al., 2024, 2025). Formally, given a source
text € Lg, MAT produces a target translation
y € L, via a sequence of agent transformations:

y=Ag oAk _10---0A(2) (1)
where each agent Aj represents a role-specific op-

eration and exchanges intermediate representations
with other agents.

2.2 MACD for Multi-domain Translation

Our goal is to build a multi-agent collaborative dis-
ambiguation framework for MDT, we leverage the
prompt-driven capabilities of LLMs to instantiate
different agents. As shown in Figure 1, MACD de-
signs prompting strategies to simulate expert roles
for LLMs, thereby guiding LLMs to act as different
agents. Compared with prior work that primarily
relies on prompt engineering, our approach explic-
itly decomposes MDT into four sub-tasks, which
reduces the burden of long prompting contexts
and enables collaboration among multiple agents,
thereby resolving cross-domain word ambiguities.

Domain Allocation Agent. As shown in Figure
1, to facilitate collaboration in the domain alloca-
tion process, we prompt LLMs to discriminate the
domain label of the input sentence from a prede-
fined set, e.g., Education, Laws, News, Science,
Spoken. Specifically, given an input sentence z,
we use a prompt to let the LLMyjjocation () infer its
domain label d € D, where D denotes a predefined
set of domains. The inferred domain label then
guides subsequent translation steps.

d= LLMallocation (m) (2)

General Translation Agent. To provide a stable
semantic anchor for translation, we first introduce
a general translation agent LLM,,, that focuses on
preserving the overall meaning and fluency of the
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source sentence. Specifically, the source sentence x
produces a translation candidate from a general per-
spective, without explicitly emphasizing domain-
specific distinctions.

Yy = LLM,, () 3)

Domain Disambiguation Agent. Resolving
cross-domain word ambiguities is a key objective
of our approach. To this end, we design a domain
disambiguation agent conditioned on the inferred
domain label d. As illustrated in Figure 1, accurate
translation requires capturing the domain-specific
meanings of expressions such as % % and #37”,
since their correct renderings depend on the Law
domain. Moreover, this agent generates transla-
tions that reflect domain-specific stylistic prefer-
ences. Conditioned on the source sentence z and
the inferred domain label d, then LLM,,, produces
a domain-specific translation candidate.

Ya = LLM,, (2, d) 4

By explicitly incorporating domain information,
this agent is better able to resolve ambiguous ex-
pressions and reflect domain-specific lexical and
stylistic preferences. As a result, the two agents
play complementary roles: y, provides a seman-
tically faithful reference, while y4 contributes
domain-specific disambiguation knowledge.

Translation Fusion Agent. To obtain the final
translation, we introduce a translation fusion agent
that integrates the complementary strengths of
the two candidates instead of relying on heuris-
tic reranking. Specifically, based on the source
sentence x, the inferred domain d, and the candi-
date translations ¥, ¥4, the fusion agent LLMfysion
synthesizes the final translation as follows.

y= LLMfusion(x; d, Yg, yd) )

By jointly considering the semantic adequacy of y,
and the domain-specific accuracy of y,, the fusion
agent produces a translation that is both faithful to
the source meaning and consistent with the target
domain. For all agents, we provide five human-
annotated exemplars per domain in the prompt to
guide the model toward domain-consistent transla-
tion behavior. The detailed prompting design for
each agent is provided in Appendix B.

3 Experimental Results and Analysis

Datasets. We evaluate our approach on two pub-
licly available MDT datasets: German-to-English

(Aharoni and Goldberg, 2020) and UM-Corpus
(Tian et al., 2014), and detailed statistics are pro-
vided in Appendix A. In addition, test sets for eval-
uating cross-domain word ambiguities are derived
from DMDTEval (Man et al., 2025).

Experimental Settings. In this work, we adopt
three metrics: (1) SacreBLEU (Post, 2018);% (2)
COMET scores (Rei et al., 2020);> (3) Disam-
biguation accuracy (Man et al., 2025). The back-
bone of the language agent is Qwen3-30B-A3B-
Instruct-2507.* We compare our approach with
the following representative methods. (1) Self-
consistency (SC) generates multiple translation can-
didates and selects the final output via majority
voting . In our experiments, we generate five candi-
dates based on the previous work (He et al., 2024).
(2) Multi-agent Translation (MAT) decomposes
MDT into three agents, where we refer to prior
work in assigning the roles of Editor, Translator,
and Proofreader (Wu et al., 2024, 2025). (3) Single
Prompting with Multiple Steps (SPMS) performs
all four steps—domain allocation, general trans-
lation, domain disambiguation, and translation fu-
sion—within a single prompt (Hu et al., 2024).

3.1 Key Findings for Main Results

Table 1 shows that the comparison of previous
methods and our approach. We further provide
the following findings and analysis of the main
experimental results.

Finding 1: MACD achieves more stable and con-
sistent improvements across multiple domains.
As shown in Table 1, we observe that although
SPMS injects domain information through a sin-
gle prompt, MACD achieves further gains by de-
composing the task across multiple collaborative
agents. Compared with SPMS, MACD improves
performance by +0.88 BLEU, showing that collab-
oration among multi-agent can effectively enhance
translation quality.

Finding 2: MACD improves overall transla-
tion quality by effectively resolving ambiguities.
We observe that both SPMS and MACD explic-
itly include a disambiguation step, whereas SC and
MAT do not. Notably, SPMS and MACD achieve

2Signature: nrefs:1|case:mixed|eff:no|tok:13a
| smooth:exp|version:2.1.0

*We use the wnt22-comet-da model to generate COMET
scores.

*https://huggingface.co/Qwen/Qwen3-30B-A3B-Instruct-
2507
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EN-ZH Education Laws News Science Spoken AVG

SC 39.02/86.61 64.59/88.23 34.82/85.06 34.07/81.76 23.27/80.16 39.15/84.36
MAT 39.24/86.62 65.06/89.15 35.23/85.73 34.13/82.05 24.29/81.53 39.59/85.02
SPMS  41.20/87.03 65.64/89.40 35.63/85.62 35.53/83.72 25.18/82.36 40.64/85.63
Ours 41.78/87.53 66.24/89.88 37.06/86.74 36.39/84.51 26.14/82.45 41.52/86.22
DE-EN IT Koran Law Medical Subtitles AVG

SC 36.85/80.80 18.35/73.05 37.48/83.95 39.78/83.18 29.08/78.22 32.31/79.84
MAT 37.44/81.25 18.93/73.56 37.99/84.45 40.22/83.68 29.71/78.67 32.86/80.32
SPMS  37.65/81.35 19.10/73.70 38.25/84.55 40.65/83.95 29.85/78.85 33.10/80.48
Ours 38.54/81.79 20.36/75.40 38.26/85.12 42.28/85.23 30.39/79.75 33.97/81.46

Table 1: BLEU/COMET scores on the English-to-Chinese (EN-ZH) and German-to-English (DE-EN) translation
tasks with Qwen-3-30B. The best results are highlighted in bold.
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Figure 2: The comparison of disambiguation accuracy
(%) on EN-ZH translation task

the best and second-best average performance, re-
spectively, suggesting that explicit disambiguation
benefits translation quality in both single-prompt
and multi-agent settings.

Finding 3: MACD improves translation even in
less distinctive domains. Although Spoken and
News domains exhibit weaker domain-specific fea-
tures (Jiang et al., 2020; Man et al., 2024, 2025),
MACSD still consistently outperforms MAT in these
domains, achieving BLEU gains of +1.83 and
+1.85 for News and Spoken in EN-ZH, respectively.
This indicates that MACD can still leverage cross-
domain knowledge to improve translation quality.
Moreover, in Appendix C and Appendix D, we re-
port the token cost of our experiments and present
comparative results for using different LLMs for
different agents.

3.2 Analysis of Disambiguation Performance

In this section, we focus on the EN-ZH translation
direction to further analyze disambiguation. Fig-
ure 2 shows that MACD consistently outperforms

MAT in disambiguation accuracy across all five do-
mains, and we observe a significant improvement
of +11.04 points in the News domain. We further
find that the improvement in disambiguation ac-
curacy also leads to better translation quality. To
further illustrate the effectiveness of our approach,
we present the following analyses.

Translation Case. Table 2 illustrates how
MACD resolves cross-domain ambiguity through
agent collaboration. In Translation Case 1, the sen-
tence is assigned to the Science domain. The Gen-
eral Translation Agent (GTA) produces a seman-
tically adequate translation, but selects the more
generic expression “7% /£”, whereas the Domain
Disambiguation Agent (DDA) captures the more
domain-appropriate term “%& ZLP£”. In Translation
Case 2, the sentence is assigned to the Education
domain, which misleads the DDA into producing
the incorrect translation “#% 3%, By contrast, the
GTA leverages cross-domain shared knowledge to
generate the correct translation “#% 14, In both
cases, the Translation Fusion Agent (TFA) inte-
grates the complementary strengths of the two
agents, yielding translations that are both seman-
tically accurate and domain-appropriate. This
demonstrates that effective disambiguation in MDT
depends on both domain-specific knowledge and
cross-domain shared knowledge.

Effect of the Number of Collaborative Agents on
Disambiguation. We further investigate how the
number of collaborative agents affects disambigua-
tion performance. The goal of this experiment is
to examine whether ambiguity resolution benefits
more from relying only on the agent matched to
the sentence’s assigned domain or from involving
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Translation Case 1

Translation Case 2

SRC When moving over land, a typhoon is gradually de- Establish productivity promotion centers and technol-
creased in severity. ogy enterprises incubation bases.

REF 46 R e LA 20T, LR UM 8 B H s AR P e A R kAL R

DAA Science Education

GTA(y,) 2 6 R A MM LB HH, LB EZH K B2 A7 I RBFOPHZERS R LE
3 . (ensures overall semantic adequacy, but lacks & - (leverages cross-domain shared knowledge and
domain-specific nuance) captures the correct meaning of “incubation”)

DDA(yq) % & A& ¥ E&ah o, RG22 MR H M 2ad > ARETOPERSLIFBREN . (is
% o (captures domain-specific lexical choice, high- misled by the assigned domain and renders “incuba-
lighting “¥& FA\ME”) tion” as a more education-oriented expression)

TFA(y) Y6 RAMBLES N, LE AR A 2L L7 NRET S ZHKS LR

3 - (merges candidates, ensuring semantic and

domain-specific correctness)

o . (integrates the two candidates and selects the
semantically appropriate translation)

Table 2: Two EN-ZH translation cases illustrating the complementary roles of the General Translation and Domain
Disambiguation Agents. Red text indicates the correct translation, while blue text indicates the incorrect translation.
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Figure 3: Average BLEU and disambiguation accuracy
with different numbers of collaboration agents.

multiple agents across domains. To this end, we
vary the number of participating agents {1-5}.
We evaluate each setting using average BLEU and
disambiguation accuracy. As shown in Figure 3,
we find that using only the sentence’s assigned do-
main agent achieves the best performance on both
metrics. This result indicates that domain-matched
agents capture the most relevant knowledge for
resolving ambiguities.

Can Longer Context Help Disambiguation?
To examine whether richer context can still benefit
disambiguation under a longer-input setting, we
reorganize the EN—ZH sentence-level test set by
grouping every 100 sentences within each domain
into a single input unit. This results in 4 subsets for
Education, 4 for Law, 15 for News, 5 for Science,
and 4 for Spoken. Each subset can be regarded as a
long text that provides substantially richer contex-
tual information than isolated sentences. During

31 = only the agent corresponding to the sentence’s as-
signed domain; 5 = all domain agents; 2—4 = randomly se-
lected subsets of agents.

Methods Edu Law News Sci Spo
Sent 66.54 73.14 7498 7245 81.05
Long 7523 85.66 81.90 8324 88.13

Table 3: Disambiguation accuracy (%) under sentence-
level and long-text settings on the EN—ZH test set.

evaluation, we ensure that the LLM only accesses
the context within the current 100-sentence subset.
We then evaluate disambiguation accuracy on these
subsets.

As shown in Table 3, the long-text setting con-
sistently achieves higher disambiguation accuracy
than the sentence-level setting across all five do-
mains. We observe clear improvements in every
domain, with especially large gains in Education,
Legal, and Science, indicating that longer context
substantially helps disambiguation. This suggests
that richer contextual information within the same
domain provides stronger semantic and discourse
cues, enabling the LLMs to infer the intended
meaning of ambiguous words more accurately.

4 Conclusion

In this work, we introduce MACD to explore and
address the research question: Can multi-agent sys-
tems help disambiguation in multi-domain transla-
tion? MACD consistently improves both transla-
tion quality and disambiguation accuracy across all
domains. Our findings demonstrate that domain-
specific agent collaboration effectively resolves
word ambiguities. In future work, we plan to ex-
tend our approach to document-level translation,
as broader context provides richer semantic and
pragmatic information beyond the sentence level.
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Limitations

This work still has some limitations. Our current
framework remains a preliminary exploration of
multi-agent collaboration, as it still relies on manu-
ally designed prompts and relatively simple interac-
tion among agents. In addition, our study focuses
on sentence-level translation, while document-level
context could naturally provide richer cues for am-
biguity resolution. In future work, we will explore
more advanced collaboration mechanisms and ex-
tend the framework to document-level translation.
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English-to-Chinese

Testset  Edu Laws News  Sci Spo
790 456 1500 503 455
German-to-English

Test set IT Kor Laws
2000 2000 2000

Med Sub
2000 2000

Table 4: The statistics of MDT test sets. Edu represents
for the Education domain, Sci represents for the Science
domain, Spo represents for the Spoken domain, and Sub
represents for the subtitles domain.

English-to-Chinese
Testset  Edu Laws News Sci  Spo
492 696 720 471 432
German-to-English
Test set 1T Kor Laws Med Sub
214 167 412 345 209

Table 5: Statistics of the number of cross-domain am-
biguous words on MDT

A Datasets and Evaluation Details

Two publicly available MDT test sets are used
to evaluate translation performance: UM-Corpus®
(English-to-Chinese), which includes five domains:
Education, Law, News, Science, and Spoken (Tian
et al., 2014), and German-to-English dataset’,
which includes five domains: /7, Koran, Laws,
Medical, and Subtitles (Aharoni and Goldberg,
2020). Detailed statistics of these datasets are pre-
sented in Table 4. To assess the model’s capability
in handling cross-domain word ambiguities, test
sets derived from DMDTEval (Man et al., 2025)
are employed, with their scale summarized in Ta-
ble 5. Default hyperparameter settings in vLLM?®
are applied for inference, i.e., temperature = 0.8 and
top_p = 0.95. In addition to BLEU and COMET,
disambiguation accuracy (Man et al., 2025) is used
as an evaluation metric, computed as follows.
m

ACC = — (6)

n

where n is the total number of ambiguous words
in the test set, and m is the number of words cor-
rectly translated according to their domain-specific
meanings.

B Prompting Design

This section describes the prompting strategies
used to instantiate different agents in MACD.

®http://nlp2ct.cis.umac.mo/um-corpus/
"http://opus.nlpl.en/
8https://github.com/vlIm-project/vlim
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Rather than fine-tuning models, we rely on care-
fully designed prompts to simulate expert roles and
enable LLMs to perform domain-aware reasoning
and disambiguation. Specifically, MACD consists
of four agents: Domain Allocation, General Trans-
lation, Domain Disambiguation, and Translation
Fusion. Each agent is provided with role-specific
instructions and a small set of in-context exemplars
to guide its behavior.

All exemplars included in the prompts are man-
ually annotated by the authors to ensure high qual-
ity and consistency, incurring no additional cost.
We established detailed guidelines to regulate the
annotation process. To avoid improvements stem-
ming from overly uniform data distributions, all
prompts in our design are entirely handcrafted and
do not rely on existing multi-domain translation
datasets (Tian et al., 2014; Aharoni and Goldberg,
2020). The specific English—Chinese translation
tasks, along with their prompting strategies, are
described as follows.

For domain-related agents, annotations follow
clear criteria:

* Domain labels are assigned based on dom-
inant semantic content and linguistic usage
rather than explicit domain keywords;

* Translation exemplars prioritize semantic fi-
delity, fluency, and domain-consistent termi-
nology;

* Ambiguous words are resolved according
to domain-appropriate meanings rather than
surface-level frequency statistics.

By grounding all prompts in human-annotated,
domain-consistent examples, we ensure that the
agents are guided by reliable supervision signals,
which allows us to more faithfully evaluate whether
multi-agent collaboration can effectively improve
disambiguation in multi-domain translation.

Domain Allocation Agent The Domain Alloca-
tion Agent aims to infer the latent domain of the
input sentence based purely on its linguistic charac-
teristics. The predicted domain serves as high-level
guidance for subsequent agents, enabling domain-
aware translation and disambiguation without rely-
ing on explicit domain labels, as shown in Figure 4.

General Translation Agent The General Trans-
lation Agent is responsible for producing a fluent
and semantically faithful translation of the input

Instruction. You are a domain allocation agent. Given an
English sentence, infer its most likely domain from
{Education, Laws, News, Science, Spoken}. Base your
decision on linguistic cues, terminology, and usage context.
Output only the domain label.

Exemplars.

¢ English: “Students are required to submit the final
report by Friday, and late submissions will incur a
penalty unless prior permission is obtained.”

O Output: Education

e English: “The defendant, accused of embezzling
company funds over a period of two years, pleaded not
guilty in court yesterday.”

O Output: Law

* English: “During an early morning press conference, the
prime minister announced a series of economic measures
aimed at stimulating small businesses and job creation.”

O Output: News

* English: “The recent experiment involving a novel neural
network architecture demonstrates a  significant
improvement in image classification accuracy compared
to traditional methods.”

O Output: Science

e English: “Hey, I’'m running a bit late for dinner, but I’ll
catch up with you as soon as I get there; don’t start
without me!”

O Output: Spoken
- J

Figure 4: An example prompt for Domain Allocation
Agent
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Instruction. You are a general translation agent. Translate
the given English sentence into Chinese, focusing on overall
semantic adequacy and fluency.

Exemplars.

* English: “The system processes large amounts of
structured and unstructured data daily, providing critical
insights for decision-making in real-time applications.”

O Chinese: “i% & 48 R K& &M A=dE M3
P, AFIRRRBEXIERAR,

* English: “The experiment was repeated several times
under varying environmental conditions to ensure the
robustness and reproducibility of the observed results.”

O Chinese: “ZERATRR WAL TELH#TT %
R, ARHRARLER GRS TE L,

* English: “The committee will review all applications
carefully before making a decision.”

O Chinese: “& R &AM R 2 ZATIF@FTERA ¥
o 7

* English: “Advances in technology have significantly
changed the way people communicate and access
information.”

O Chinese: “#r# 89t ¥ 22 ZF AT T ANLAA KR

5867 X, 7

* English: "Despite facing numerous challenges during the
project, the team managed to complete it on time,
demonstrating remarkable dedication and collaboration.”

O Chinese: “X% £ B $AL P& 5| T % Sk, BPAS
RIIT R T A%, BB T AE L6 3 e 5 Ad Fo P 4E
. 7

_/

-

Figure 5: An example prompt for General Translation
Agent

sentence without relying on explicit domain infor-
mation. It provides a domain-agnostic baseline
translation that preserves the overall meaning, serv-
ing as a complementary candidate for subsequent
disambiguation and fusion, the specific prompting
is shown in the Figure 5.

Domain Disambiguation Agent The Domain
Disambiguation Agent focuses on resolving
domain-specific word ambiguities through explicit
incorporation of domain knowledge. Conditioned
on the inferred domain, this agent prioritizes
domain-appropriate meanings, terminology, and
stylistic conventions, producing translations consis-
tent with domain-specific usage. Each translation
resolves potentially ambiguous words or phrases,
adapting them to the target domain, as shown in
Figure 6.

Translation Fusion Agent The Translation Fu-
sion Agent performs reasoning-based integration
of multiple candidate translations from the gen-
eral and domain-specific agents. It synthesizes a

Instruction. You are a domain disambiguation translation
agent. Given an English sentence and its domain, identify
any word or phrase that could have multiple meanings
(ambiguities), provide a brief explanation of the chosen
meaning in context, and produce a domain-consistent
Chinese translation that reflects the terminology and style.

Exemplars.

*  Domain: Laws

O English: After reviewing all the evidence, the court
decided to drop the charge against the defendant,
emphasizing that there was insufficient proof to support a
conviction.” Ambiguous word explanation: charge” refers
to a formal legal accusation rather than an electrical or
financial meaning.

O Chinese: “/& % EZAAIEEE, HI%k 2 AT S
AR, JHRAHRZ RBIER I E, 7

* Domain: Science

O English: “The research team conducted a series of
experiments at the cellular level to understand how
certain proteins interact within the context of gene
expression, hoping to uncover mechanisms relevant to
disease progression.” Ambiguous word explanation:
“cellular” refers to biological cells, not mobile networks
or other technical structures.

O Chinese: “#FF 5 A INE ML ERBFIT T R FIEIE, A
AT RORELARDERLEPOMENER, #2885
5 & m it A X G ALE . 7

¢ Domain: Education

O English: “Students are required to submit their research
papers by the end of the semester, and failure to do so
may result in a lower grade, as the assignment constitutes
a major component of the course assessment.”
Ambiguous word explanation: “papers” refers to
academic essays or assignments, not newspapers or legal
documents.

O Chinese: “F A FAFPRARIMMGFRLLL, K
BRI R F BRI, B et sk R RAZ I A4
69 F RIS 7

*  Domain: News

O English: “During the press conference yesterday, the
minister addressed several urgent issues concerning the
national economy and outlined a series of policy
measures aimed at stabilizing growth and improving
public  welfare.” Ambiguous word explanation:
“addressed” here means made a formal statement or
speech rather than giving a location or direction.

O Chinese: “ZAMEHM#FHFMAHF AL, IFKABK £
FeETRER AR EGE, FMAET —FRF 5 A
BIER A E R A WBOR I, 7

* Domain: Spoken

O English: “I’ll drop by your office later this afternoon to
discuss the project details, but if you’re busy, we can
postpone to tomorrow morning instead.” Ambiguous
word explanation: “drop by” means visit casually or
briefly, not physically dropping something.

+ Chinese: “&KARTF RN EARDNE TR A 9
W, 2de RARIEE, RMNTUAKBARLEF, 7

-

Figure 6: An example prompt for Domain Disambigua-
tion Agent
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AVGpLey  AVGacc
MACD 41.52 73.63
MACDgpr 43.17 74.54
MACD,4 43.54 75.26

Table 6: Performance of MACD with different LLM
configurations. MACD: all agents use Qwen-3-30B;
MACDgpr: all agents use GPT-5-mini; MACDy: four
agents instantiated with different LLMs.

final translation that combines the complementary
strengths of all agents and resolves any remaining
ambiguities. Using longer, context-rich examples,
the agent can demonstrate nuanced domain-specific
decisions, as shown in Figure 7.

C Cost Analysis

We further analyze the computational cost of differ-
ent methods by counting the total number of tokens,
including the input sentences, prompting tokens,
and output translations. Averaged over the five EN—
ZH domains, the baseline model MAT consumes
approximately 2.83 x 10 tokens per domain, indi-
cating a relatively low cost. In comparison, MACD
consumes about 4.52 x 10 tokens per domain on
average, mainly due to its richer prompts that incor-
porate both domain-specific and general contextual
information. Although MACD requires more to-
kens than MAT, this additional cost is accompanied
by consistent improvements in disambiguation per-
formance across all domains.

D Does MACD benefit from multiple
LLMs?

In our main experiments, all agents in MACD
are instantiated with the same LLM, Qwen-3-30B.
While this setting verifies the effectiveness of the
multi-agent framework, it does not show whether
MACD can further benefit when different agents
use different LLLMs. To examine this, we com-
pare three configurations: MACD, where all agents
use Qwen-3-30B; MACDgpr, where all agents use
GPT-5-mini; and MACD,. The agent-LLM pair-
ing is based on i- preliminary experiments that
selected the best-performing model for each capa-
bility. As shown in Table 6, replacing Qwen-3-
30B with GPT-5-mini for all agents improves both
BLEU and ACC, indicating that stronger LLMs can
enhance the overall framework. More importantly,
MACDy achieves the best performance, showing
that using different LLMs for different agents is
more effective than using the same LLM for all

qnstruction. You are a translation fusion agent. Given the\
source sentence, its domain, and multiple candidate
translations, compare them carefully and produce a final
Chinese translation that best resolves domain-specific
ambiguities and preserves semantic and stylistic consistency.

Exemplars.

* Domain: Laws, English: After a lengthy deliberation, the
appellate court rejected the plaintiff’s appeal, noting that
the evidence presented did not sufficiently support the
claims.”

O Candidate 1: 2t KetEagF, LiFEERE TR
L0y L, ASHPTREAIEE AR AL F L £5K, 7
Candidate 2: £ KiTRGFILE, (IERIELT R
LWk, JFBLRERE R R VAER LR R, 7

* Final Answer: it Kif a9 Fi, LifkRRE TR
A6 LU, A5 AR AGIER R R A X H £ 3K,

* Domain: Science, English: “The research team developed
a computational model that demonstrates robust
generalization across different datasets, suggesting its
potential for broader applications in related scientific
fields.”

O Candidate 1: “FFRAMRF R T — AN HEER, AXR
HABE E RSB R AR S, R A A KA
AR 2 8 6% /1. 7 Candidate 2: “#F 5040
Bt T —AMER, RRBRATHAR B S AKEE, B
T L AAF A S AR, 7

* Final Answer: “#F % H IRFF K 69 3+ F AL A 2 7R ) $4%
LA HIRRGZAR S, BRI RAF AR
EHTZRRGH. 7

* Domain: Education, English: “This semester, the course
emphasizes hands-on projects and collaborative exercises
to help students develop practical skills and critical
thinking necessary for their future careers.”

O Candidate 1: “Z 5169 iRA2 521850 590 B A=t 4E 44 3,
VAT B 4t 35 3 KR IR AL P 0 5% SR Ak A bl ) 1 e
%, ” Candidate 2: “ARAELERFIT SHEEA
AAeB INES), §ERF LRI A BYR
HARBRLHBITFEE, 7

* Final Answer: “AFMRAE T &H R KA B At fE
%3], AFBFEAEFARPLIE 69 F R A
FHE R, 7

* Domain: News, English: “During a late-night signing
ceremony, the two countries finalized an agreement that
outlines new trade regulations and cooperation measures
designed to strengthen bilateral economic ties.”

O Candidate 1: “AFRAHEFMX L, AETKT —A
WX, BAAA T A 69T 5 AN Fe A o 5% ILIL L2 HIR R
a9 &4k Hsk. 7 Candidate 2: “f M AAT A £ FU X
¥, ORF T A, R THGT HAERAE
HE, AMREBREFXEZ, ”

* Final Answer: “ZERFFHEZMNL, HETK
T I, BT H T BN Ao § A A% IR %
FrEkF ey S AE . 7

* Domain: Spoken, English: “I think your suggestion is
quite reasonable, but we might need to adjust a few
details before implementing it to ensure everything runs
smoothly.”

O Candidate 1: “HKIK ARG E AL 532, BEFHRZ
AT AN T AL H R —my, LR — A it
#To ” Candidate 2: “fREGRBUTA KIS LE, FiT
APAT Z AT BAVT RS m T, ARIEEARA
e 7

» Final Answer: “#&CIFARGYE NS, RiT A
AT RA TR E R E—mTy, LAH R — )i A

L #HATo )

Figure 7: An example prompt for Translation Fusion
Agent
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agents. This indicates that the improvement of
MACD comes not only from agent collaboration,
but also from using different LLLMs across agents.
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