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Abstract

As machine translation increasingly
requires deeper contextual, linguis-
tic, and cultural understanding, multi-
agent collaboration has emerged as a
promising approach. Multi-agent de-
bate (MAD) frameworks, in which
multiple agents deliberate to produce a
final output, have shown strong perfor-
mance on objective tasks, but remain
underexplored in translation, where
multiple valid renderings often exist.
We adapt three MAD frameworks for
English-Japanese translation and eval-
uate them against strong generative
baselines, reasoning-capable LLMs,
and a prompt-based self-reflection
method. Across general-domain and
culturally grounded datasets, the So-
ciety of Mind (SoM) variant yields
the strongest results in the English-
to-Japanese direction, showing that
zero-shot translations leave substan-
tial room for improvement through
structured deliberation. Yet the gains
of debate are front-loaded: later
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rounds do not reliably improve quality
and often reintroduce translation er-
rors. Diagnostic and error-span anal-
yses show that hand-designed debate
protocols tend to over-revise already
strong translations, leading to seman-
tic drift and process-induced degrada-
tion. These findings highlight both the
promise and the limitations of debate-
based agentic translation, and suggest
that effective iterative improvement
requires mechanisms for preserving
high-quality intermediate translations
while limiting unnecessary revisions.

1 Introduction

With advances in large language models
(LLMs) (Ouyang et al., 2022; Touvron et al.,
2023; Yang et al., 2025), machine transla-
tion has moved beyond sentence-level ade-
quacy toward better handling discourse con-
text, implicit meaning, and culturally condi-
tioned nuances. Such phenomena often re-
quire contextual and pragmatic reasoning. To
strengthen multi-step inference during gen-
eration, prior work has explored prompt-
based reasoning strategies such as chain-of-
thought (CoT) prompting (Wei et al., 2022),
self-reflection (Shinn et al., 2023; Madaan
et al., 2023), and self-consistency (Wang et



Source: Her body immediately stiffened and there was this look of fear
in her eyes.

Base Translation: {{&ZDkIZd CICFEE L. BICIEBRHDOEHF
MA Tz,

Agentl Translation: & DEIE T CICEAE L. BICIIRHBDORE
MENA T,

Brief Reason: | refined & D &' to ‘7MDK 1" because 'look of
fear' more directly refers to an expression rather than just a 'color' in
the eyes, making the translation more precise and natural in Japanese.

Agent 2 Translation: {E & DKIZEREFICEZ Y. BICIIBRBORE
HENA T,

Brief Reason: | refined 'immediately stiffened' to "B#iFICE % V' for a
more natural and vivid expression in Japanese, and used ‘7t D & 1E'
instead of ‘A D' to more directly convey 'look of fear' as an
expression in her eyes.

Moderator Translation: #{Z DK IZBEEFICEE Y. BICIIRMDOR
TENENA TN,

Brief Reason: 'B#f% (C[E % V) ' vividly and naturally expresses
'immediately stiffened' in Japanese, and '7& % D &' more directly
conveys 'look of fear' as an expression in her eyes, making this
translation both accurate and idiomatic.

Figure 1: An intermediate round of the Society of Mind
(SoM) framework illustrating how agents refine a trans-
lation collaboratively.

al., 2022). In parallel, recent reasoning-
capable LLMs, such as OpenAl o4-mini
(OpenAl, 2024) and DeepSeek-R1 (Guo et
al., 2025), embed stronger reasoning ability
through model architecture or training.

Building on these developments, multi-
agent debate (MAD) has emerged as an or-
thogonal strategy to improve LLLM reasoning
through explicit interaction among multiple
agents. In MAD, agents exchange intermedi-
ate views during inference and iteratively re-
vise their outputs without any gradient-based
updates. Recent studies have shown that MAD
is effective on objective tasks such as question
answering and factual verification (Xiong et
al., 2023; Khan et al., 2024; Estornell et al.,
2024). However, its role in machine transla-
tion remains underexplored, especially in set-
tings where multiple valid translations may ex-
ist and consensus is less straightforward.

English-Japanese (En-Ja) translation pro-
vides a particularly challenging testbed for this
question. The two languages differ substan-
tially in word order, ellipsis patterns, honorific
usage, and stylistic register (Mori, 2020). As

a result, translation quality often depends not
only on lexical adequacy, but also on speaker
intent, discourse context, and cultural con-
vention. These characteristics make En-Ja
translation a compelling setting for evaluat-
ing whether structured multi-agent delibera-
tion can improve context-sensitive and cultur-
ally informed translation.

In this work, we adapt three MAD frame-
works, originally proposed for reasoning
(Liang et al., 2024; Du et al., 2024) and
translation evaluation (Feng et al., 2025), to
En-Ja translation. We compare them against
strong generative baselines, reasoning-capable
LLMs, and a prompt-based self-reflection
baseline. Translation quality is evaluated us-
ing BLEU (Papineni et al., 2002), BERTScore
(Zhang et al., 2019), and xCOMET (Guer-
reiro et al., 2024), together with human evalu-
ation and diagnostic analyses that capture de-
bate dynamics and error patterns.

Figure 1 shows an intermediate round of the
debate framework. Given a source sentence,
multiple agents maintain and refine transla-
tion hypotheses by incorporating useful in-
sights from one another. This design supports
context-sensitive stylistic adaptation, collabo-
rative refinement of translation errors or weak
segments, and a more transparent decision
process than single-pass generation.

Our contributions are as follows:

* To our knowledge, we present the first
systematic study of MAD for En-Ja ma-
chine translation across both general-
domain and culturally grounded settings.

* We show that the SoM variant is the most
effective MAD framework overall, par-
ticularly in the En—Ja direction, while
the benefits of debate are concentrated in
the early rounds.

* We provide diagnostic analyses of SoM
that characterize later-round degradation
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Figure 2: Illustration of three multi-agent debate (MAD) frameworks adapted for machine translation: (a) Pro/Con
Debate, (b) Society of Mind (SoM), and (c) Decoupled Debate.

and identify process-level limitations of 2.2 Reasoning-Augmented and

iterative debate for translation.

2 Related Work

2.1 General Trends in Machine
Translation

Machine translation has long been a funda-
mental research task in natural language pro-
cessing (Tsujii, 1986). Unlike traditional neu-
ral machine translation systems that rely heav-
ily on parallel corpora (Kocmi et al., 2022;
Vaswani et al., 2017; Castilho et al., 2017),
LLMs (Ouyang et al., 2022; Wei et al., 2021;
Touvron et al., 2023; Yang et al., 2025)
have advanced translation through few-shot
translation and broader domain generalization
(Brown et al., 2020; Chowdhery et al., 2023).
Despite these advances, machine translation
still struggles with pragmatic and cultural phe-
nomena. In this work, we investigate whether
structured multi-agent deliberation can sur-
face diverse cultural hypotheses and collabo-
ratively resolve sociolinguistic ambiguities.

Multi-Agent Approaches

Recent work has improved LLM reasoning
through both prompt-level scaffolding and
advances in model training. Prompt-based
methods, such as chain-of-thought prompting
(Wei et al., 2022), tree of thoughts (Yao et
al., 2023), self-reflection (Shinn et al., 2023;
Madaan et al., 2023), MAPS (He et al., 2024),
and self-consistency (Wang et al., 2022), en-
courage models to generate more effective in-
termediate reasoning steps at inference time.
Meanwhile, recent reasoning-oriented LL.Ms,
including DeepSeek-R1 (Guo et al., 2025) and
Kimi K1.5 (Team et al., 2025), strengthen rea-
soning through post-training strategies.
Multi-agent methods instead provide ex-
plicit, structured deliberation by distributing
reasoning across agents. Beyond general ap-
plications to generation (Chan et al., 2023),
negotiation (Fu et al., 2023), and reason-
ing (Du et al., 2024; Liang et al., 2024), re-
cent agentic machine translation work has ex-
plored long-form literary translation (Wu et



WMT2023 En: Even if it's true that such facts exist in science it's still possible to argue that scientific facts are theory-laden.
Ja: RIBICZDE S LBERDNREICHEET I LREL TH, RENERNERICETLINLL DL EEHR
THEMIEH D,

KFTT En: Soujun IKKYUU was a Zen monk in the Daitokuji branch of the Rinzai sect, during the Muromachi period.
Ja —RSAE (W2 EFw 325 UnA) i EMBROBFREIRABIROBETHS.

IWSLT2017 Ctx.: Thank you so much, Chris. And it's truly a great honor to have the opportunity to come to this stage twice;

I'm extremely grateful. | have been blown away by this conference, and | want to thank all of you for the many
nice comments about what | had to say the other night. And | say that sincerely, put yourselves in my position.

En: | flew on Air Force Two for eight years.

Ja: SERBAMIETT 7+ — XY —TRATLE LTz,

Figure 3: Representative examples from the three evaluation datasets, illustrating their stylistic differences and the
context provided in our evaluation setup. Ctx. denotes the provided context information.

al., 2025), general agentic machine translation
workflows (Briva-Iglesias, 2025), and legal-
domain systems (Sin et al., 2025). We extend
this line by evaluating debate-style interaction
for En-Ja translation and diagnosing when de-
liberation improves or degrades quality.

3 MAD for Machine Translation

Applying MAD to machine translation begins
with an initial translation, after which candi-
date translations are iteratively refined or re-
placed through multi-round agent interaction.
Unlike objective tasks, where majority vot-
ing over discrete answers can yield a reliable
consensus, translation often admits multiple
valid renderings. To account for this open-
endedness, all MAD variants in our setup
use a moderator-based summarization strategy
rather than voting-based aggregation.

Each debate runs for N rounds with M
agents assigned distinct roles or functions. In
each round, one agent serves as the moderator,
aggregating the current outputs into a single
candidate translation, either for the next round
or as the final output. Agents retain access to
prior interaction history, allowing them to in-
corporate earlier context into subsequent revi-
sions. Figure 2 summarizes the three MAD
frameworks considered in this work. Full
prompts are provided in the Appendix (Ta-
bles 8,9, 10, 11, and 12).

3.1 Pro/Con Debate

Inspired by formal argumentation, the
Pro/Con framework structures deliberation
through explicit opposition (Figure 2(a)). Fol-
lowing the framework of Liang et al. (2024),
we adapt this format to translation by first
generating an initial translation, having one
agent defend it and another critique it by
proposing a preferred alternative, and then let-
ting a moderator select, revise, or synthesize
the next-round candidate. This variant allows
us to examine whether explicitly opposing
viewpoints improve translation quality.

3.2 Society of Mind Debate

The Society of Mind (SoM) framework (Du
et al., 2024), inspired by Minsky’s The So-
ciety of Mind (Minsky, 1986), replaces di-
rect opposition with parallel hypothesis refine-
ment (Figure 2(b)). Unlike Pro/Con, SoM
does not start from a single shared transla-
tion. Instead, each agent independently main-
tains a separate translation hypothesis and it-
eratively refines it by selectively incorporating
insights from other agents, rather than through
direct critique or replacement. The moder-
ator aggregates the resulting hypotheses into
the next-round candidate. This design encour-
ages diversity without direct confrontation and
keeps multiple translation alternatives active
throughout deliberation.
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Figure 4: Overall performance on WMT 2023. All MAD variants use GPT-4.1 as the backbone model and are

compared against zero-shot baselines.

3.3 Decoupled Debate

The Decoupled variant is adapted from M-
MAD (Feng et al., 2025), which builds on
the Multidimensional Quality Metrics (MQM)
framework (Freitag et al., 2021) for fine-
grained translation evaluation. Because MQM
decomposes translation quality into inter-
pretable dimensions such as accuracy, fluency,
terminology, and style, it provides a natu-
ral scaffold for structured translation refine-
ment. In our adaptation (Figure 2(c)), a base
agent first produces an initial translation, after
which four specialized agents independently
provide dimension-specific feedback. A mod-
erator then aggregates their suggestions into a
revised translation for the next round. This
design closely aligns the debate process with
translation evaluation while preserving the it-
erative coordination of MAD.

4 Experiments

4.1 Datasets

We use the WMT 2023 (Freitag et al., 2023)
test set as our primary benchmark for general-
domain machine translation, as it covers di-

verse domains and genres and includes hu-
man judgments of overall translation quality.
The Kyoto Free Translation Task KFTT (Neu-
big, 2011) is a Japanese-English parallel cor-
pus derived from Wikipedia articles about Ky-
oto, many of which concern its history, cul-
ture, and landmarks. Its professionally pro-
duced and verified translations make it well
suited to evaluating culturally grounded trans-
lation. IWSLT 2017 (Cettolo et al., 2017)
consists of parallel sentences from TED talks.
We use it to evaluate robustness under varying
context lengths. For computational efficiency,
we evaluate on the first 1,000 examples from
each dataset. Figure 3 presents representative
examples from the three datasets, illustrating
their stylistic differences and the context pro-
vided in our evaluation setup.

4.2 Models

We experiment with general-purpose LLMs,
including DeepSeek-V3 (Liu et al., 2024),
GPT-4.1 (OpenAl, 2024), and Gemini 1.5 Pro
(Team et al., 2024). These models are used
either as standalone baselines or as backbone
models for individual agents. We also eval-
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Figure 5: Overall performance on KFTT. All MAD variants use GPT-4.1 as the backbone model and are compared

against zero-shot baselines.

uate reasoning-capable models, including
DeepSeek-R1 (Guo et al., 2025) and o4-mini
(OpenAl, 2024), as strong zero-shot baselines.

4.3 Metrics

General Metrics We evaluate translation
quality using three automatic metrics. BLEU
(Papineni et al., 2002) measures n-gram
overlap with reference translations, while
BERTScore (Zhang et al., 2019) captures se-
mantic similarity. We further use XCOMET
(Guerreiro et al., 2024), a state-of-the-art neu-
ral metric for overall translation quality that
supports both reference-based and reference-
free evaluation.

Additional Analyses To analyze debate dy-
namics, we use the Net Gain Rate (NGR) and
perform LL.M-based Diagnostic Analysis and
xCOMET Error-Span Analysis.

4.4 Baselines

We compare MAD-based translation against
the following baselines. Zero-shot transla-
tion: a model directly translates the source
input without additional deliberation. Self-

Reflection translation: following recent work
on introspective generation (Shinn et al.,
2023; Madaan et al., 2023), a model first
generates an initial translation, evaluates its
own output, and then iteratively refines it
through self-feedback (see Table 9 in Ap-
pendix). Reasoning-capable LLMs: high-
capacity reasoning-oriented models, including
DeepSeek-R1 and 04-mini, are used in stan-
dard zero-shot settings as strong reasoning
baselines.

4.5 Human Evaluation

To assess how translation quality evolves
across debate rounds, we conduct a small-
scale human evaluation. Seven evaluators
affiliated with Japanese universities partici-
pate in the study, including four native speak-
ers of Japanese and three highly proficient
near-native speakers, all with graduate-level or
higher education. We randomly sample 100
En—Ja examples, ensuring that each exam-
ple is rated by at least one native speaker and
that approximately 75% receive double rat-
ings. Evaluators rank the Base and Round
1-3 translations, presented in random order,



Systems R1 R2 R3

En—Ja

Self-reflection  0.071  0.000  0.024
Pro/Con -0.004 -0.014 0.015
SoM 0.170 -0.016 -0.020
Decouple 0.019 0.001 -0.006

Table 1: Net Gain Rate (NGR) under xCOMET for the
SoM framework on WMT 2023 (1 higher is better).

along four dimensions: adequacy/faithfulness,
fluency/naturalness, terminology/consistency,
and style/register.

4.6 Implementation Details

All models were accessed via official APIs.
For decoding, we use a temperature of 0, a top-
p of 1.0, and a maximum output length of 6000
tokens, except for GPT-4 04-mini, for which
the temperature is fixed at 1.0 due to API con-
straints. System-level comparisons were re-
peated three times with fixed hyperparameters
to improve reproducibility and assess run-to-
run stability. Full experimental results, includ-
ing significance test results, are reported in the
Appendix. A small number of API failures
(timeouts or non-responses) occurred, but the
overall failure rate remained below 1%; met-
rics were computed over completed outputs.

5 Results and Analysis

5.1 Overall Translation Performance

Figure 4 summarizes overall performance on
WMT 2023 (Full results with paired t-tests are
reported in Appendix Tables 4 and 5). Perfor-
mance differs substantially across translation
directions.

English— Japanese In this direction, the
SoM framework consistently outperforms all
baselines and other MAD variants. Perfor-
mance peaks in the first round and then grad-

Base RI1 R2 R3
Avg. Rank | 2.052 1.925 1.615 1.655

Table 2: Human evaluation results for WMT 2023, re-
ported as average rank across rounds (| lower is better).

ually declines in later rounds. The decline is
most pronounced in BLEU and BERTScore,
reflecting increasing divergence from the ref-
erence translations. By contrast, xXCOMET
and XCOMET-no-ref remain relatively stable,
suggesting that reduced reference overlap does
not necessarily correspond to lower overall
quality. These results indicate that zero-shot
En—Ja translations leave substantial room for
improvement, but additional debate rounds
tend to introduce semantic drift that can ulti-
mately offset the gains.

Japanese—English This direction appears
unstable. SoM is only comparable to Self-
Reflection in the first round and subsequent
rounds lead to consistent declines across all
metrics, suggesting that the effectiveness of
MAD is sensitive to translation direction.

Pro/Con and Decoupled consistently under-
perform in both translation directions, sug-
gesting that debate design materially affects
translation outcomes. Moreover, implicit rea-
soning models (e.g., DeepSeek-R1 and o4-
mini) do not show a consistent advantage, in-
dicating that gains on reasoning tasks do not
directly transfer to bilingual generation. The
culturally nuanced KFTT dataset shows a sim-
ilar pattern (Figure 5).

In addition to average metric scores, we
compute the Net Gain Rate (NGR) to quan-
tify the net effect of debate across instances.
NGR is defined as the difference between the
number of improved and degraded transla-
tions, normalized by the total number of eval-
uated instances. It captures whether a system
produces more improved than degraded out-



[ Minor W Major [ Critical
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R2 181 (57.3%) 2 (0.6%)
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Base 222 (61.0%) 8(2.2%

20 40 60 80 100

Figure 6: Dynamics of xCOMET error spans across de-
bate rounds by severity level.

puts, regardless of the magnitude of individual
score changes.

N; improved — N, degraded (1)
N, total

Table 1 reports Net Gain Rate (NGR) un-
der xXCOMET. For En—Ja, SoM achieves a
strongly positive NGR in the first round, con-
sistent with the improvements observed in the
main results. The lower NGR in the second
round suggests that these gains become less
uniform across instances, even when average
scores remain stable or continue to improve.
Full results are shown in Appendix (Table 6).

To assess whether the observed metric
trends are consistent with human preferences,
we conduct a small-scale human evaluation
of the SoM variant. As shown in Table 2,
the results are consistent with the automatic
metrics: the SoM framework substantially im-
proves translation quality, whereas additional
rounds do not necessarily lead to further gains.

NGR =

5.2 Analyze Performance Decline of SoM

Because SoM performs best among the MAD
variants, we focus our analysis on its de-
bate dynamics. While SoM initially improves
En—Ja translation quality in Round 1, it often
deteriorates in later rounds. To better under-
stand this behavior, we analyze cases that im-
prove in Round 1 (R1) but degrade in Round 2
(R2), using xCOMET error-span analysis and
LLM-based diagnostics.

Over-Editing /
/ Over-Correction
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Faithfulness
107 Tradeoff

Information /

Context Loss \

Reference UBERS

Misalignment

Stylistic Issues

13.2%

13.5%

¥ Semantic Drift /

Shift / Dilution

31.9%

Debate /

Process Flaws

Figure 7: Error type distribution from LLM-based Di-
agnostic Analysis.

Error-Span Analysis draws on XCOMET’s
error-span  outputs, trained on human-
annotated data, to classify errors by severity
(i.e., Minor, Major, and Critical). Figure 6
shows that errors at all three severity levels
decline substantially after Round 1 (R1).
Critical errors are eliminated entirely at this
stage, but errors at Critical severity level are
partially reintroduced in later debate rounds.

For the Diagnostic Analysis, sampled de-
graded cases are submitted to GPT-4.1 for
open-ended diagnosis without predefined er-
ror categories, the full prompt can be found
in Appendix (Table 7), and the resulting
outputs are manually clustered into coarse-
grained failure types. As shown in Figure 7,
a substantial portion of later-round degrada-
tion stems from debate process flaws, in-
cluding Debate Stagnation, Translation Over-
Convergence, Lack of Critical Reassessment,
and Debate Process-Induced Semantic Drift.
These failure types often co-occur: early gains
are followed by premature convergence, while
continued "polishing" introduces unnecessary
edits that cause meaning shifts, information
loss, or tonal dilution.

Figure 8 presents a representative case of
semantic over-adjustment and idiomatic drift
in an intermediate debate round. The agents
produce an idiomatic, near-optimal translation
in R1, but introduce unnecessary revisions in



Source: That vessel is off-limits Reference: & DA IEII NEELE,

LLM: Z DA IESZH AN Y ZIETT,

Agentl: H DFRIEIH A Y 2 FTY, Brief Reason: The word 'vessel' is translated as
‘A (ship/boat), and 'off-limits' is commonly rendered as '3z 5 A\ Y 25 1E', which means
entry is prohibited. This is a natural and widely understood way to convey the
restriction in Japanese.

Agent2: H DFRIEIH A Y ZFTY . Brief Reason: 'Vessel' is commonly translated
as ‘A in Japanese, and 'off-limits' is naturally expressed as '3z 5 A\ Y 251}, This phrase
is clear and commonly used in similar contexts.

Moderator: & Ofj|£3725 A V) 25 1 T 9 Brief Reason: This translation accurately
conveys 'vessel' as 'fit' and 'off-limits' as '3z 5 A Y 251", which is a natural and
commonly used phrase in Japanese to indicate restricted access. The sentence is clear,
polite, and contextually appropriate. R1

Agentl: H DALICIEE DA A WTL 72X W, Brief Reason: While 'St H A\ W 2 F' is
commonly used for areas, it may sound unnatural when applied directly to a vessel. it
DH7RWT L 72 E LY (please do not approach) is a more natural way to express that
the vessel is off-limits in Japanese, especially in spoken or practical contexts.

Agent2: H DFRICIEZ BN HHEWT LS L, Brief Reason: While ' DA IEzH A
1) 2% 1} T9 is accurate and commonly used, '® DFRICIEZ B AL HEWTLZE LY is
a more direct and natural way to instruct someone not to enter the vessel, which aligns
closely with the nuance of 'off-limits." Both are correct, but the refined version is slightly
more conversational and directive.

Moderator: & OfFIC &7 H A 57 WL T <72 E L, Brief Reason: This translation
directly tells the listener not to enter the vessel, closely matching the intent of 'off-
limits." It is natural, polite, and clear in Japanese, making it suitable for both spoken and
written contexts. R2

Diagnose:

Semantic Drift Agents in R 2 shifted from the
standard, contextually appropriate phrase (‘32 5 A\
Y) 2811 to alternative phrasings (22 & LT <
FEEW STHBASRWT L ELY)in an attempt
to sound more natural or direct, but this led to a
loss of the precise meaning of 'off-limits’ as a
formal restriction.

Register Shift The R2 translations moved from a
formal, signage-like register (25 A Y 1) to
more conversational or directive forms (‘72 L\ T
< 72& L), which are less appropriate for the
likely context of the source sentence.

Pragmatic Weakening The R2 translations
weakened the authoritative tone of the original,
replacing a clear prohibition with a polite request,
which may not carry the same force or clarity in
Japanese.

Debate Process Flaw Agents in R2 reinforced
each other's shift away from the optimal
translation, converging on a less accurate form
without sufficient challenge or critical evaluation.

Hypercorrection Agents overanalyzed the nuance
of ‘off-limits', leading them to believe that a direct
instruction (‘do not enter/approach’) was more
faithful, when the standard Japanese expression
already captured the intended meaning.

Figure 8: Open-ended diagnostic analysis of a single translation case in the SoM framework.

R2 under the assumption that further changes
are inherently beneficial. Although the revised
translation remains grammatically valid, it de-
parts from natural usage and signage conven-
tions, resulting in semantic drift, register shift,
and reduced idiomaticity. The agent rationales
further reveal speculative justifications, such
as questioning standard expressions, suggest-
ing a bias toward change over stability. This
case illustrates a more fundamental limitation
of SoM: without a mechanism for recognizing
translation sufficiency, agents may continue
revising outputs that are already near-optimal,
thereby degrading quality.

Taken together, these findings suggest that
the effectiveness of multi-round debate in
translation depends not only on the ability to
revise, but also on preserving strong interme-
diate outputs. Post-hoc refinement can be ben-
eficial, as zero-shot translations may under-
specify contextual or cultural meaning. How-
ever, repeatedly revising a single translation,
as in Pro/Con and Decoupled debate, is of-

ten associated with semantic drift and reduced
translation quality. By contrast, the stronger
performance of SoM is consistent with its de-
sign intuition: maintaining multiple transla-
tion hypotheses may preserve a broader search
space than repeatedly refining a single trajec-
tory. At the same time, the benefits of de-
bate appear to be concentrated in the early
rounds, as later iterations do not reliably pro-
duce further gains and often introduce degra-
dation. These results indicate that effective
agentic translation may require not only col-
laborative refinement, but also mechanisms for
preserving high-quality intermediate outputs
and limiting unnecessary revision.

5.3 Ablation Studies of SoM Framework

To probe the factors underlying SoM’s perfor-
mance, we conduct ablation studies on model
diversity, agent plurality, reasoning language,
and contextual visibility under the full experi-
mental setup. Full ablation results are reported
in the Appendix (Tables 10, 11, 12, and 13).
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Figure 9: Ablation studies of the SoM framework. (a) Different models alternate between the debater and moderator
roles. (b) The effect of agent plurality over debate rounds. (c) The effect of using English or Japanese as the debate
language. (d) The effect of different context lengths on translation quality.

Model Diversity To assess the role of model
diversity, we incorporate other strong LLMs
(e.g., DeepSeek-V3, GPT-4.1, and Gemini 1.5
Pro) as debaters and moderators in a role-
swapping setup. As shown in Figure 9(a), hy-
brid configurations are competitive in the first
round, suggesting that model-specific biases
can be beneficial at the most informative stage
of debate. However, they deteriorate more
sharply in later rounds and are overall less sta-
ble than the single-model setup.

Agent Plurality We vary the number of de-
bating agents from 2 to 4, 6, and 8. Consis-
tent with the main experiments, the effect of
plurality is clearest in Round 1, the most in-
formative stage of debate: XCOMET increases
steadily as the number of agents grows. In
later rounds, this trend becomes less consis-
tent (Figure 9(b)).

Agent Reasoning Language We compare
SoM under English- and Japanese-language
reasoning in En—Ja translation. As shown in
Figure 9(c), Japanese reasoning yields slightly
better first-round results, but overall transla-
tion quality remains largely unchanged.

Contextual Visibility To assess contextual
visibility, we evaluate SoM on IWSLT 2017
with 5 and 10 preceding sentences as context
(Figure 9(d)); baselines receive the same con-
text for fair comparison. Although longer con-
text introduces noise for zero-shot translation,

it appears more beneficial for deliberative rea-
soning. Providing contextual sentences sub-
stantially improves translation quality, with
the 10-sentence setting achieving the highest
XCOMET score. These results suggest that
SoM can effectively leverage extended context
during deliberation.

6 Conclusion

This paper presents a systematic study
of multi-agent debate (MAD) for English-
Japanese machine translation. We adapt three
MAD frameworks to translation and evaluate
them against strong baselines on both general-
domain and culturally grounded datasets. Our
results show that the Society of Mind (SoM)
variant performs best overall, especially in the
En—Ja direction, whereas the other debate
variants offer little to no improvement, high-
lighting the importance of debate structure in
translation. We further find that the gains
of SoM are concentrated in the early rounds,
but later rounds frequently introduce degra-
dation. Our analyses suggest that this later-
round decline reflects process-level limitations
of iterative deliberation, especially once strong
intermediate translations have already been
reached. Overall, our findings suggest that ef-
fective agentic translation depends not only on
collaborative exploration, but also on mecha-
nisms for preserving high-quality intermediate
outputs and limiting unnecessary revision.
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cially for debate-based systems with iterative
inference.
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Appendix

Human evaluation agreement and signifi-
cance testing On the 74 doubly-rated items,
inter-annotator agreement for the 4-way rank-
ing is modest but non-trivial: mean per-pair
Kendall 7, = 0.221 (95% bootstrap CI [0.033,
0.395]) and Krippendorff « (ordinal, 7 raters)
= 0.291 (95% CI1 [0.143, 0.453]). For the di-
rection of the key Base-vs-R2 contrast, 66.1%
of double-rater pairs agree. Diagnosis agree-
ment is lower: Cohen’s x = 0.102 on the bi-
nary “R2 is worse than Base” label and mean
Jaccard = 0.266 on cause tags, reflecting the
well-known subjectivity of fine-grained error
attribution in MT evaluation. Despite this
noise, the ranking differences are statistically
detectable. For significance testing, we aggre-
gate annotations at the item level and use all
100 evaluated items. A Friedman test across
Base/R1/R2/R3 is significant (x?(3) = 21.22,
p = 9.5 x 107°, Kendall’'s W = 0.071,
n = 100). Post-hoc Wilcoxon signed-rank
tests with Holm—Bonferroni correction con-
firm that R2 and R3 are both significantly
better than Base (prom = 2.1 x 1072 and
4.3 x 1073, respectively) and that R2 is signif-
icantly better than R1 (pgoim = 4.3 x 1073),
while Base-vs-R1 and R2-vs-R3 differences
are not significant. Taken together, the debate
procedure yields statistically significant, albeit
modest, ranking improvements by Round 2
in this small-scale test, with the main con-
trasts remaining significant under conservative
multiple-comparison correction.

LLM Call Analysis Table 3 reports per-
segment LLM invocations: every translation,
evaluation, or critique/rewrite call counts as
one inference unit per sentence, independent
of physical batching. Let n be the number
of sentences and R the number of rounds.
Each method (except zero-shot) first gener-
ates a base translation, then iterates R rounds

Method  Per segment Total
Zero-shot 1 n
Reflection 1+2R n(l+ 2R)
Pro/Con 1+3R n(1+ 3R)
SoM 1+ (m+1)R n(1+(m+1)R)
Decouple 1+5R n(l1+5R)

Table 3: Per-segment LLM inference units. n: #sen-
tences; R: #rounds; m: SoM society size (m=2 in our
experiments).

whose per-round cost is determined by the
agent topology: 2R for REFLECTION (eval
+ rewrite), 3R for PRO/CON (affirmative +
negative + moderator), (m+1)R for SOM
(m society agents + moderator; m=2 in our
setup), and 5 for DECOUPLE (four special-
ist critics + moderator). BLEU, COMET, and
XCOMET are computed offline and do not
contribute LLM calls.

Supplementary  Experimental Details
This section provides additional experimental
details and prompts used in our study.
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BLEU

System Base Round 1 Round 2 Round 3
Self-reflection 24.14  23.38 (-0.76, p<.001)  23.58 (-0.56, p<.001)  23.61 (-0.53, p=.001)
Pro/Con 24.15 21.51(-2.64, p<.001) 21.25(-2.90, p<.001)  21.23 (-2.91, p<.001)
Decouple 24.15 21.48(-2.67, p<.001) 22.74 (-1.42, p<.001)  22.66 (-1.49, p<.001)
SoM 24.13  25.18 (+1.05, p<.001) 24.29 (+0.16, p=.435) 24.38 (+0.25, p=.211)
BERTScore
System Base Round 1 Round 2 Round 3
Self-reflection 81.83 81.48 (-0.36, p<.001)  81.59 (-0.24, p<.001)  81.60 (-0.23, p<.001)
Pro/Con 81.84 80.88 (-0.96, p<.001)  80.81 (-1.03, p<.001)  80.78 (-1.06, p<.001)
Decouple 81.84 80.64 (-1.20, p<.001)  81.31(-0.53, p<.001) 81.18 (-0.66, p<.001)
SoM 81.84 82.19 (+0.35, p<.001) 81.95(+0.11, p=.075) 81.99 (+0.15, p=.019)
xCOMET
System Base Round 1 Round 2 Round 3
Self-reflection 88.62 89.44 (+0.83, p<.001) 89.40 (+0.78, p<.001) 89.47 (+0.85, p<.001)
Pro/Con 88.68 89.17 (+0.50, p<.001) 89.06 (+0.39, p=.008) 89.05 (+0.37, p=.011)
Decouple 88.59 89.00 (+0.40, p=.009) 89.12 (+0.52, p<.001) 88.92 (+0.32, p=.016)
SoM 88.63 89.84 (+1.21, p<.001) 89.89 (+1.26, p<.001) 89.86 (+1.23, p<.001)
xCOMET-no-ref
System Base Round 1 Round 2 Round 3
Self-reflection 88.64 89.15 (+0.51, p<.001) 89.11 (+0.47, p<.001) 89.09 (+0.45, p<.001)
Pro/Con 88.68 89.10 (+0.42, p=.003) 88.96 (+0.27, p=.066) 88.85 (+0.16, p=.271)
Decouple 88.61 88.98 (+0.37, p=.022) 88.84 (+0.23, p=.077) 88.75 (+0.14, p=.296)
SoM 88.63  89.52 (+0.89, p<.001) 89.60 (+0.97, p<.001) 89.54 (+0.91, p<.001)

Table 4: Overall performance on the WMT En—Ja setting. Values in parentheses indicate the change from the Base
system and the p-value from a paired ¢-test.



BLEU

System Base Round 1 Round 2 Round 3
Self-reflection 24.80 22.68 (-2.12, p<.001) 23.32(-1.48, p<.001) 23.41 (-1.39, p<.001)
Pro/Con 24.80 20.50(-4.30, p<.001) 19.77 (-5.03, p<.001) 20.39 (-4.41, p<.001)
Decouple 24.79  20.06 (-4.73, p<.001) 22.70 (-2.09, p<.001) 22.03 (-2.76, p<.001)
SoM 24.80 23.25(-1.55, p<.001) 22.73 (-2.07, p<.001) 22.80 (-2.00, p<.001)
BERTScore
System Base Round 1 Round 2 Round 3
Self-reflection 84.73 84.23 (-0.49, p<.001) 84.39 (-0.33, p<.001) 84.41 (-0.31, p<.001)
Pro/Con 84.72 83.60(-1.12, p<.001) 83.44 (-1.28, p<.001) 83.45(-1.27, p<.001)
Decouple 84.73 83.11(-1.62, p<.001) 84.02 (-0.70, p<.001) 83.88 (-0.85, p<.001)
SoM 84.72 84.48 (-0.24, p=.006) 84.27 (-0.45, p<.001) 84.27 (-0.44, p<.001)
xCOMET
System Base Round 1 Round 2 Round 3
Self-reflection 90.30 90.48 (+0.18, p=.003) 90.64 (+0.34, p<.001) 90.61 (+0.31, p<.001)
Pro/Con 90.29  89.97 (-0.33, p<.001)  89.99 (-0.30, p=.002)  89.96 (-0.34, p<.001)
Decouple 90.30 89.55(-0.75, p<.001)  89.96 (-0.34, p<.001)  89.63 (-0.67, p<.001)
SoM 90.29  90.20 (-0.09, p=.301)  90.07 (-0.22, p=.015)  90.10 (-0.19, p=.032)
xCOMET-no-ref
System Base Round 1 Round 2 Round 3
Self-reflection 90.20 90.17 (-0.03, p=.686) 90.12 (-0.08, p=.258) 90.08 (-0.11, p=.104)
Pro/Con 90.19 89.74 (-0.45, p<.001) 89.48 (-0.71, p<.001) 89.43 (-0.77, p<.001)
Decouple 90.20 89.27 (-0.94, p<.001) 89.71 (-0.49, p<.001) 89.44 (-0.76, p<.001)
SoM 90.19 89.90 (-0.29, p<.001) 89.68 (-0.51, p<.001) 89.71 (-0.48, p<.001)

Table 5: Overall performance on the WMT Ja—En setting. Each cell reports the score, with values in parentheses
indicating the difference from the Base system and the p-value from a paired ¢-test.



System Round1 Round2 Round 3 System Round1 Round2 Round 3
En-Ja En-Ja
SoM 0.088 -0.069 0.012 SoM 0.127 -0.031 -0.000
Self-reflection  -0.068 0.027 0.001  Self-reflection  -0.088 0.031 -0.001
Pro/Con -0.198 -0.033 0.012  Pro/Con -0.237 -0.025 -0.003
Decouple -0.200 0.129 0.004 Decouple -0.260 0.156 -0.018
Ja-En Ja-En
SoM -0.129 -0.067 0.020 SoM -0.080 -0.078 -0.002
Self-reflection  -0.165 0.020 0.008 Self-reflection  -0.163 0.044 0.001
Pro/Con -0.288 -0.032 0.038  Pro/Con -0.266 -0.029 0.006
Decouple -0.320 0.211 -0.023 Decouple -0.316 0.216 -0.034
(a) BLEU (b) BERTScore
System Round 1 Round2 Round 3 System Round 1 Round2 Round 3
En-Ja En-Ja
SoM 0.170 -0.016 -0.020 SoM 0.076 0.030 -0.016
Self-reflection  0.071 0.000 0.024 Self-reflection  0.069 -0.025 -0.005
Pro/Con -0.004 -0.014 0.015 Pro/Con 0.036 -0.027 -0.011
Decouple 0.019 0.001 -0.006 Decouple 0.040 -0.040 0.024
Ja-En Ja-En
SoM 0.006 -0.055 0.020 SoM -0.057 -0.066 0.012
Self-reflection ~ 0.059 0.044 -0.002 Self-reflection  0.013 -0.008 -0.022
Pro/Con -0.050 -0.018 -0.011 Pro/Con -0.100 -0.040 -0.025
Decouple -0.122 0.068 -0.035 Decouple -0.142 0.055 -0.063
(¢) xCOMET (d) xCOMET-no-ref

Table 6: Net Gain Rate (NGR) after each debate round across systems and metrics. Each subtable shows one
evaluation metric for both En-Ja and Ja-En directions.



Prompt

You are an expert in machine translation and multi-agent debate analysis. Your task is to analyze
why translation quality declined in a multi-agent debate scenario, without being constrained
by predefined error categories.

Context: - In a translation debate, multiple Al agents debate to improve translation quality

- First round improved translation quality over the base translation (XCOMET score increased)
- Subsequent round caused quality to decline (xCOMET score decreased)

- Your goal is to freely identify and analyze what went wrong

Input Data: - Source: {source}

- Reference: {reference}

- Base Translation: {base_translation}

- XCOMET Scores: {xcomet_scores }

- Score Pattern: {score_pattern}

- Score Trend Change: Improvement={improvement:.4f}, Decline={decline:.4f}
Round-by-Round Analysis: {rounds_analysis}

Your Task: Please perform a comprehensive, open-ended analysis:

1. Identify all issues you observe — Don’t limit yourself to predefined categories

2. Create your own error classifications based on what you actually see

3. Analyze the debate process itself — How did agent interactions contribute to the problem?
4. Examine the progression — What specific changes occurred between rounds?

5. Consider multiple perspectives — Translation quality, debate dynamics, agent reasoning
Instructions: - Be completely free in your analysis — identify whatever problems you see

- Create your own error type names that best describe the issues

- Provide specific evidence from the translations and agent reasoning

- Analyze both the translation quality and the debate process

- Don’t feel constrained by any predefined framework

Expected Output (in JSON format): { "identified_problems": [ { "problem_name": "your

non

own descriptive name for this issue", "problem_type": "your own category/classification", "de-

" n

scription": "detailed explanation of what went wrong", "evidence": "specific quotes or exam-
ples from the data", "severity": "high/medium/low", "round_affected": "which round(s) this ap-
peared in" } ], "debate_process_analysis": { "overall_effectiveness": "assessment of how well
the debate worked", "agent_behavior_issues": "problems with how agents interacted", "rea-
soning_quality": "quality of agent reasoning and justifications", "consensus_building": "how
well agents reached agreement" }, "translation_progression": { "round_0_assessment": "analy-
sis of initial translation”, "round_1_changes": "what improved and why", "round_2_problems":
"specific issues that caused decline", "overall_pattern": "summary of the quality trajectory"
}, "root_cause_analysis": { "primary_cause": "main reason for quality decline", "contribut-
ing_factors": ["other factors that played a role"], "systemic_vs_specific": "whether this seems
like a systemic issue or case-specific” }, "recommendations": { "immediate_fixes": ["specific
suggestions for this type of case"], "process_improvements": ["suggestions for improving the
debate process"], "prevention_strategies": ["how to prevent similar issues in future"] } }

Only return the JSON object, no additional text.

Table 7: Prompt template for open-ended error diagnosis in multi-agent translation debates



Prompt

Prompt Content

base_prompt

Translate the following text from <src_Ing> to <tgt_Ing>: <source>.
<context> Please return only the <tgt_Ing> translation. Do not include
JSON, metadata, explanations, or any additional content.

Table 8: Prompt templates for the base translation

Prompt

Prompt Content

eval_prompt

Label the translation quality as "Good", "Medium", or "Bad". Now
please output your answer in JSON format, strictly following this
structure: "label": "Good" Only return the JSON object. Do not in-
clude any other content.

reflection_prompt

You are refining your previous <tgt_Ing> translation to make it more
accurate, fluent, and natural. Original sentence: <source> Previous
translation (labeled as <label>): <pre_tran> <context> Return your
improved version. If no better version exists, return the same one.
Only return the final <tgt_Ing>. translation. No explanations, no meta-
data.

Table 9: Prompt templates for the self-reflection framework



Prompt

Prompt Content

player_meta_prompt

You are a debater participating in a translation debate competition.
Welcome to this constructive and thoughtful debate. It is entirely ap-
propriate to offer different perspectives, as our shared objective is to
discover the most accurate and natural translation. The debate topic
is: What is the appropriate <tgt_Ing> translation of the following
<src_Ing> text: "<source>" <context>

moderator_meta_
prompt

You are acting as both a moderator and a linguistics expert. In this
translation debate, two debaters will present their proposed transla-
tions and explain their reasoning regarding the correct <tgt_lng> ver-
sion of the given <src_Ing> text: "<source>". <context> At the con-
clusion of each round, your role is to evaluate the translations based
on: 1. Accuracy; 2. Fluency; 3. Grammar & Syntax; 4. Lexical
Choice; 5. Sentence Structure & Voice.

affirmative_prompt

You believe the correct translation is: <base_translation>. Please re-
state your translation and explain your reasoning.

negative_prompt

<aff_ans> You have a different interpretation of the translation. Please
provide your version and explain your reasoning.

moderator_prompt

The <round> round has concluded. Affirmative side presented:
<aff_ans>. Negative side presented: <neg_ans>. As a linguist and
the moderator, evaluate both and select only one final Japanese trans-
lation. If both are equally good, choose one or slightly revise one
of them to produce the final result, but do not merge. Strictly output
only one Japanese translation. Do not include Romaji, alternatives,
or explanations. Return this JSON format: {"Whether there is a pref-
erence": "Yes or No", "Supported Side": "Affirmative or Negative",
"Reason": "", "debate_translation": ""}.

debate_prompt

<oppo_ans> Do you agree with the reasoning above? Please explain
your position and present your own refined translation. You may refer
to the moderator translation from the previous round: <pre_mod>.

Table 10: Prompt templates for the pro/con framework.



Prompt

Prompt Content

player_meta_prompt

You are a debater participating in a translation debate competition.
Welcome to this constructive and thoughtful debate. It is entirely ap-
propriate to offer different perspectives, as our shared objective is to
discover the most accurate and natural translation. The debate topic
is: What is the appropriate <tgt_Ing> translation of the following
<src_Ing> text: "<source>" <context>

moderator_meta_
prompt

You are acting as a moderator of a translation debate competition. In
this translation debate, debaters will present their proposed transla-
tions and explain their reasoning regarding the correct <tgt_lng> ver-
sion of the given <src_Ing> text: <source>.<context> At the conclu-
sion of each round, your role is to synthesize and optimize the transla-
tions

initial_prompt

Please translate the following sentence to <tgt_Ing>: "<source>" Af-
terwards, please briefly explain your reasoning. Strictly return JSON:
{ "Translation": "", "Brief Reason": ""} Only return the JSON object.
Do not include anything else.

moderator_prompt

The <round> round of the translation debate has concluded. If it is
helpful, here are some suggested translations from other agents: <can-
didate_solutions> you can select the best translation from the candi-
dates, or you can refine one to improve it if you think it can be im-
proved. You may also choose to reject all candidates and provide
your own translation. But you must return only one final translation
to represent this round. State the answer FIRST, then your reasoning.
strictly return JSON: { "Translation": "", "Brief Reason": ""} Only
return the JSON object. Do not include anything else.

debate_prompt

Please translate the following sentence to <tgt_Ing>: "<source>" If
it is helpful, here are some suggested translations from other agents:
<candidate_solutions> <pre_mod> If an agent’s reasoning is incor-
rect, point it out. Using the suggestions from other agents as additional
information, please refine your translation if necessary. State the an-
swer FIRST, then your reasoning. Strictly return JSON: {"Transla-
tion": "", "Brief Reason": ""} Only return the JSON object. Do not
include anything else.

Table 11: Prompt templates for the SoM framework.



Prompt

Prompt Content

player_meta_prompt You are an annotator for the quality of machine translation. You will

be assessing translations at the segment level, where a segment may
contain one or more sentences. Each segment is aligned with a cor-
responding source segment. Please identify all errors within the spec-
ified category within each translated segment. To identify an error,
highlight the relevant span of text, and select a category/sub-category
and severity level from the available options. (The span of text may
be in the source segment if the error is a source error or an omis-
sion.) When identifying errors, please be as fine-grained as possible.
For example, if a sentence contains two words that are each mistrans-
lated, two separate mistranslation errors should be recorded. If a single
stretch of text contains multiple errors, you only need to indicate the
one that is most severe. For severity, Major represents errors that may
confuse or mislead the reader due to a significant change in meaning or
because they appear in a visible or important part of the content; Mi-
nor represents errors that don’t lead to loss of meaning and wouldn’t
confuse or mislead the reader but would be noticed, would decrease
stylistic quality, fluency or clarity, or would make the content less ap-
pealing. In case when it is not possible to reliably identify distinct
errors because the translation is too badly garbled or is unrelated to
the source, then mark a special category, called non-translation, that
spans the entire segment. There can be at most one non-translation
error per segment, and it should span the entire segment. No other er-
rors should be identified if non-translation is selected. <context> Only
return the JSON object. Do not include anything else.

moderator_meta_
prompt

You are a moderator of a translation debate competition. You will be
provided with the <src_Ing> source text, candidate <tgt_Ing> transla-
tions and the annotations from the accuracy, fluency, terminology, and
style experts. <context> Your task is to comprehensively consider the
annotations and provide a final translation.




Prompt (cont.)

Prompt Content (cont.)

accuracy_agent

You are an accuracy errors detection expert for translations. Please
check the translation for the following subcategories of accuracy
errors: 1. Accuracy Addition: The translation includes informa-
tion not present in the source. 2. Omission translation: The
translation is missing content from the source. 3. Mistrans-
lation: The translation does not accurately represent the source.
4. Untranslated Text: Source text has been left untranslated.
Please analyze the following segment pair and annotate errors.
<src_Ing> source: <source> <tgt_Ing> translation:<target_segment>
Provide your annotations in JSON format as follows: annota-
tions":["error_span":(if non-translation error is selected, provide
“all’;  otherwise, the error_span must be chosen from within

non

the translated segment), "category":"(accuracy/subcategory or non-
translation)", "severity":"(minor or major)", "is_source_error":"(yes
or no)",...],"suggested_translation": "(Please provide a revised trans-
lation that corrects the identified accuracy issues while preserving flu-

ency and meaning.)"

fluency_agent

You are a fluency errors detection expert for translations. Please
check the translation for the following subcategories of fluency er-
rors: 1. **Punctuation**: Incorrect punctuation (for locale or style).
2. **Spelling**: Incorrect spelling or capitalization. 3. **Gram-
mar**: Problems with grammar, other than orthography. 4. **Regis-
ter**: Wrong grammatical register (e.g., inappropriately informal pro-
nouns). 5. **Inconsistency**: Internal inconsistency (not related to
terminology). 6. **Character Encoding**: Characters are garbled due
to incorrect encoding. Please analyze the following segment pair and
annotate errors. <src_lng> source: <source> <tgt_Ing> translation:
<target_segment> Provide your annotations in JSON format as fol-
lows: "annotations":["error_span":(if non-translation error is selected,
provide ’all’; otherwise, the error_span must be chosen from within

non

the translated segment), "category":"(fluency/subcategory or non-
translation)", "severity":"(minor or major)", "is_source_error":"(yes
or no)",...], "suggested_translation": "(Please provide a revised trans-
lation that corrects the identified accuracy issues while preserving flu-

ency and meaning.)"




Prompt (cont.)

Prompt Content (cont.)

term_agent

You are a terminology errors detection expert for translations. Please
check the translation for the following subcategories of terminology
errors: 1. **Inappropriate for context**: Terminology is non-standard
or does not fit context. 2. **Inconsistent use**: Terminology is used
inconsistently. Please analyze the following segment pair and anno-
tate errors. <src_lng> source: <source> <tgt_Ing> translation: <tar-
get_segment> Provide your annotations in JSON format as follows:
"annotations":["error_span":(if non-translation error is selected, pro-
vide ’all’; otherwise, the error_span must be chosen from within the

non

translated segment), "category":"(terminology/subcategory or non-
translation)", "severity":"(minor or major)", "is_source_error":"(yes
or no)",...], "suggested_translation": "(Please provide a revised trans-
lation that corrects the identified accuracy issues while preserving flu-

ency and meaning.)"

style_agent

You are a style errors detection expert for translations. Please check
the translation for the style error: **Awkward**: translation has
stylistic problems. Please analyze the following segment pair and
annotate errors. <src_Ing> source: <source> <tgt Ing> transla-
tion: <target_segment> Provide your annotations in JSON format as
follows: "annotations":["error_span":(if non-translation error is se-
lected, provide ’all’; otherwise, the error_span must be chosen from

non

within the translated segment), "category":"(style/subcategory or non-
translation)", "severity":"(minor or major)", "is_source_error":"(yes
or no)",...], "suggested_translation": "(Please provide a revised trans-
lation that corrects the identified accuracy issues while preserving flu-

ency and meaning.)"




Prompt (cont.)

Prompt Content (cont.)

moderator_prompt

The <round> round of the annotation has concluded. From previous
annotations, we have the accuracy errors detection expert annotation:
<accuracy_annotation>; the fluency errors detection expert annota-
tion: <fluency_annotation>; the terminology errors detection expert
annotation: <term_annotation>; and the style errors detection expert
annotation: <style_annotation..Based on the above information, out-
put your comprehensive translation, you can select the best translation
from the candidates, or you can refine one to improve it if you think
it can be improved. You may also choose to reject all candidates and
provide your own translation. But you must return only one final trans-
lation as the best translation to represent this round.State the answer
FIRST, then your reasoning. Strictly return JSON: "Translation": "",
"Brief Reason": "" Only return the JSON object. Do not include any-
thing else.

Table 12: Prompt templates for the Decouple framework.




