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Abstract

Iterative self-refinement is a simple inference-
time strategy for machine translation: an
LLM revises its own translation over multiple
inference-time passes. Yet document-scale re-
finement remains poorly understood: 1) which
pipelines work best, 2) what quality dimen-
sions improve, and 3) how refiners behave. In
this paper, we present a systematic study of
document-level literary translation, covering
nine LLMs and seven language pairs. Across
nine translation-refinement granularity combi-
nations and five refinement strategies, we find a
robust recipe: document-level MT followed by
segment-level refinement yields strong and sta-
ble improvements. In contrast, document-level
refinement often makes fewer edits and leads
to smaller or less reliable gains. Beyond granu-
larity, A simple general refinement prompt con-
sistently outperforms error-specific prompting
and evaluate-then-refine schemes. Our large-
scale human evaluation shows that refinement
gains come primarily from fluency, style, and
terminology, with limited and less consistent
improvements in adequacy. Experiments vary-
ing model strength reveal refinement projects
outputs toward the refiner’s distribution rather
than performing targeted error repair. These
findings clarify the mechanisms and limitations
of current refinement approaches.

1 Introduction

Large language models (LLMs) have made
document-level machine translation (doc-MT) in-
creasingly practical, enabled by long-context mod-
eling and strong generation quality (Wu et al., 2024;
Ramos et al., 2025). Recent work further shows
that multi-step, inference-time pipelines can im-
prove translation quality (He et al., 2024; Briakou
et al., 2024; Tan et al., 2025b). A particularly
simple and widely used strategy is iterative self-
refinement (Chen et al., 2024; Xu et al., 2024; Wu
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et al., 2025), which repeatedly revises an initial
translation over multiple inference-time passes us-
ing the same LLM.

Despite growing interest, we still lack a clear
understanding of refinement at the document level.
Importantly, existing refinement studies operate at
a segment- or paragraph-level granularity, even
when they target document translation (Briakou
et al., 2024; Wu et al., 2025; Tan et al., 2025b).
Additionally, these studies typically report over-
all translation quality, and leave three fundamental
questions underexplored: (1) Translation pipeline
design: how should we combine translation and
refinement across different granularities (segment,
paragraph, document)? (2) Quality dimensions:
when refinement helps, does it correct meaning
errors, or mainly polish fluency, style, and termi-
nology? (3) Refiner behavior: do LLM refiners
resemble human post-editors that locate and mini-
mally fix errors, or do they operate differently?

In this work, we conduct a systematic study of
self-refinement for document-level translation on
WMT?24 (Kocmi et al., 2024), covering nine LLMs,
seven language pairs, and five refinement strate-
gies. Additionally, we compare nine translation-
refinement granularity combinations. Across set-
tings, we find a robust recipe: document-level
MT followed by segment-level refinement yields
strong and the most stable improvements, while
document-level refinement tends to make minor
edits and delivers limited gains. Surprisingly, a
simple general refinement prompt proves robust
across settings, matching or exceeding more elabo-
rate strategies such as error-specific and evaluate-
then-refine schemes, raising a key question: if re-
finement primarily targets meaning errors, why do
not adequacy-focused strategies excel? This may
suggests refinement optimizes other qualities in-
stead.

We analyze what refinement actually changes
using fine-grained automatic MQM-style (Freitag
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et al., 2021) evaluation that separates accuracy, flu-
ency, style, and terminology. We find a consistent
pattern: refinement substantially improves fluency
(and moderately improves style/terminology) but
yields only limited and unreliable gains in accu-
racy. These trends are further supported by our hu-
man evaluations: a large-scale human MQM and di-
rect assessment study confirms the same dimension-
wise pattern, while a targeted pairwise preference
study shows that 98% prefer refinement for fluency,
versus much more mixed preferences for adequacy.
Further analyses of model probabilities provide
evidence that refiners tend to favor more natural
target-side realizations rather than more faithful
source-conditioned translations.

Finally, we analyze refiner behavior by vary-
ing model strength. We find refinement exhibits
a ceiling effect (refiner strength determines the fi-
nal quality upper bound) and an anchor effect (the
initial translation limits the outcome). Refiners
do not target low-confidence regions, and likeli-
hood analyses show they optimize target-side nat-
uralness over source faithfulness. This suggests
refinement operates as a projection toward the re-
finer’s preferred distribution rather than targeted
error repair—explaining the fluency gains but lim-
ited adequacy improvements. Our contributions
are:

Document-level refinement pipelines. We an-
alyze nine MT-refinement granularity combina-
tions and five refinement strategies, and identify
document-level MT followed by segment-level gen-
eral refinement as a strong and robust recipe.

What refinement changes. Our large-scale hu-
man evaluations show that current MT refiners
primarily improve fluency, with smaller gains in
style/terminology and only limited improvements
in semantic-level translation adequacy.

How MT refiners behave. By varying translator
and refiner strength and analyzing edit patterns, we
provide evidence that LLM refiners tend to project
translations toward their own regime rather than
performing targeted human-like post-editing.

2 Related Work

Document-level MT and evaluation. Recent ad-
vances in long-context LLMs have shifted MT to-
ward document-level tasks, such as translating liter-
ary works and reports (Kocmi et al., 2024; Semenov
et al., 2025; O’Brien et al., 2025; Appicharla et al.,

2025). Proprietary LLMs show strong performance
on doc-MT (Wang et al., 2023; Kocmi et al., 2025).
Wu et al. (2024); Alabi et al. (2025) adapt smaller
LLMs to doc-MT via post-training. Nevertheless,
LLMs still face challenges with length bias and
content omission when translating overly long doc-
uments (Hu et al., 2025; Peng et al., 2025). In
addition, optimal pipelines for refining doc-MT
outputs for improved quality are under-explored.

A further obstacle is evaluation: most trained
metrics are optimized for sentence-level inputs and
do not explicitly model long-range context (Rei
et al., 2022; Guerreiro et al.,, 2024; Tan and
Monz, 2025). Recently, LLM-as-a-judge has be-
come popular, particularly in reference-free evalua-
tions (Kocmi and Federmann, 2023; Maheswaran
et al., 2025; Junczys-Dowmunt, 2025; Sun et al.,
2025); yet Domhan and Zhu (2025) show degraded
reliability of LLMs on long documents and propose
MQM-FSP to make judgment length-invariant. We
therefore use MQM-FSP as a fine-grained judge
and validate key trends with targeted human evalu-
ation.

Inference-time scaling for MT. Beyond improv-
ing base translation models, a growing line of work
explores inference-time methods to trade additional
computation for higher translation quality. This in-
cludes decoding-time strategies such as sampling
and reranking (Eikema and Aziz, 2022; Zhao et al.,
2024), Best-of-N selection (Lee et al., 2021; Tan
et al., 2025a), and structured multi-step generation
that encourages intermediate reasoning or planning
before producing a final translation (He et al., 2024;
Briakou et al., 2024). These approaches aim to
improve outputs without retraining, either by gen-
erating and selecting among candidates or by de-
composing generation into multiple stages.

Refinement versus human post-editing. Hu-
man post-editing is often characterized as targeted
error repair with minimal necessary edits. How-
ever, whether LLM refiners follow a similar mech-
anism remains uncertain. Existing refinement work
rarely probes how outcomes depend on the relative
strength of the translator and the refiner, or how
edits relate to model confidence signals.

Our work complements prior refinement studies
by jointly studying document-scale pipeline de-
sign, MQM analyses, and behavior probes under
controlled translator-refiner settings. This allows
us to characterize when refinement is most effec-
tive, which quality dimensions it reliably improves,
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and whether its behavior aligns with a human-like
locate-and-fix mechanism.

3 Task Definition and Experimental Setup
3.1 Task and Data

We study iterative refinement for document-level
literary machine translation. Our experiments use
the WMT24-Literary data (Kocmi et al., 2024),
which consists of long-form narrative documents
with rich discourse phenomena and style-sensitive
expressions. Compared to sentence-level news
translation, this setting poses additional challenges:
(i) documents often span thousands of tokens, re-
quiring coherent discourse and consistent terminol-
ogy; and (ii) evaluation must account for not only
adequacy but also fluency and stylistic naturalness.

We conduct our experiments on seven language
pairs in WMT24-Literary (en-{cs,de,es,ja,ru,zh},
ja-zh). Unless otherwise specified, we operate on
the official document boundaries provided by the
shared task.

3.2 Pipelines and Granularity

A refinement pipeline consists of two stages:
translation and refinement. We vary the gran-
ularity of both stages (i.e., the unit of transla-
tion/editing under full-document context): segment-
level, paragraph-level, and document-level. Let
gmr € {seg, para, doc} denote the translation gran-
ularity and grefine € {seg, para,doc} the refine-
ment granularity. This yields nine combinations
(gMT; greﬁne) .

For each document, a translator model first pro-
duces an initial translation at granularity gmt. A
refiner model then revises it at granularity grefine.
Across all refinement settings, we condition the
refiner on the full source document and the full ini-
tial document translation. When refining at a finer
granularity (e.g., doc—seg/para), we additionally
provide the local unit translation to be edited and
ask the model to output only the revised unit; re-
vised units are then merged back into a document.

3.3 Refinement Strategies

We evaluate five refinement prompting strategies
commonly used in prior work (Wu et al., 2025): (1)
General refinement, which requests improving the
translation for overall quality; (2) Error-specific
refinement, which instructs the model to focus on
particular error types (e.g., accuracy); (3) Evaluate-
then-refine, which first elicits a brief MQM cri-

tique and then asks for a revised translation; (4)
Monolingual refinement, which prompts LLMs
to improve translation text quality; this eliminates
potential strong source bias for refinement; and (5)
Step-By-Step Translation (Briakou et al., 2024),
which decomposes the MT task into four steps:
Research, Drafting, Refinement, Proofread. All
strategies share the same input information (source,
initial translation, and context) and differ only in
the instruction format. See prompts in A.3.

3.4 Models and Inference Configuration

Models. We conduct experiments on diverse
LLMs of varying model families and sizes. Our
main experiments include the Qwen2.5 instruct
series (14B, 32B, 72B) (Qwen et al., 2025),
Qwen3-32B/235B (Yang et al., 2025), DeepSeek-
V3 (DeepSeek-Al et al., 2025b), GPT-OSS-
120B (OpenAl et al., 2025), GPT-40, and GPT-5.2.!
This selection covers recent strong long-context
models and mid-sized models, enabling controlled
analyses of translator—refiner strength interactions.

Granularity and context length. We consider
three levels of granularity for both translation and
refinement: segment (typically a single sentence,
approximately 20-50 words), paragraph (several
sentences, approximately 200 words), and docu-
ment (approximately 2,048 words). Documents
exceeding 2,048 words are split into contiguous
chunks of approximately 2,048 words. See details
on data processing in Appendix A.2

Decoding and refinement iterations. Unless
otherwise specified, we use a fixed decoding con-
figuration for all models (temperature=0). For it-
erative refinement, we run up to four refinement
steps, where each step takes the previous transla-
tion and produces a revision under the same strat-

egy prompt.

3.5 Automatic Evaluation: Fine-grained
MQM

Evaluating document-level literary MT is challeng-
ing: reference-based metrics can be brittle under
paraphrasing and style variation, while document-
scale human MQM is costly. We primarily rely on
MQM-FSP (Domhan and Zhu, 2025) (Claude-3.5
Sonnet v2), a reference-free MQM-style judge
that assigns GEMBA severities (Kocmi and Feder-
mann, 2023) to MQM errors and yields dimension-

ISee Section A.1 for the specific model versions, check-
points, and deployment specifications.
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Doc-MT Doc—Seg (A) Doc—Para (A) Doc—Doc (A)
Model Init sl s2 s3 sl s2 s3 s4 sl s2 s3 s4
GPT-5.2 900 +1.3 +23 +1.8 +2.0 +2.1 +2.6 +19 +22 +2.6 +2.6 +2.5 +2.3
Edit ratio (%) - 27.8 284 31.2 30.5 27.7 293 30.6 30.7 25.8 255 254 255
GPT-40 864 +2.5 +25 +2.1 +19 -09 -05 +0.7 +19 -09 +0.7 -0.8 -02
Edit ratio (%) - 17.7 200 222 224 12,5 138 150 153 12 12 12 1.2
DeepSeek-V3-671B 857 +1.6 +4.0 +4.1 +3.6 +2.2 +1.5 +1.8 +24 +0.7 +1.7 +1.7 +1.6
Edit ratio (%) - 254 27.6 299 296 80 84 86 86 23 31 16 1.6
Qwen3-235B 83.0 +1.0 +1.5 +2.2 +2.6 +2.5 +4.6 +5.1 +5.7 +3.4 +4.3 +5.1 +4.7
Edit ratio (%) - 279 30.8 32.7 339 252 26.7 272 275 182 185 18.6 18.6
GPT-0OSS-120B 742  +44 +5.6 +53 +5.8 +4.3 +4.5 +5.7 +6.0 +6.5 +6.7 +7.3 +8.1
Edit ratio (%) - 3477 389 417 426 32.6 42.6 47.0 499 174 190 224 23.0
Qwen3-32B 70.5  +27 +33 +35 +35 +44 +49 +5.1 +6.2 +1.6 +1.8 +1.7 +1.5
Edit ratio (%) - 31.8 36.3 38.7 39.0 13.6 144 149 150 1.1 1.1 1.1 1.1
Qwen2.5-72B 727  +4.6 +6.6 +7.6 +7.0 +3.2 +5.2 +6.0 +53 +2.9 +4.0 +3.5 +2.8
Edit ratio (%) - 21.6 243 262 265 132 173 173 175 58 57 57 57
Qwen2.5-32B 644 +64 +7.0 +69 +6.1 +5.7 +6.0 +6.3 +6.2 +1.0 -02 +0.8 +1.1
Edit ratio (%) - 249 30.0 31.6 33.8 103 13.0 147 170 3.0 3.0 3.0 3.0
Qwen2.5-14B 648 +03 +2.1 +1.3 +2.8 +1.7 +1.3 +1.6 +03 +0.8 +1.5 +1.9 +0.5
Edit ratio (%) - 25.1 325 354 38.7 13.1 192 224 273 24 25 25 25

Table 1: Refinement performance under the general prompt on top of document-level MT. Cells show MQM-FSP
gains (A) across four iterative refinement rounds (s1—s4) relative to the initial Doc-MT (A = refined — initial), and
are colored by gain tiers (negative / small / medium / large). Edit ratio (%) is the fraction of target tokens that

differ from the initial Doc-MT output.

wise scores (accuracy/fluency/style/terminology),
aggregated to the document and system levels.
Note that our MQM score is normalized to 0-100
range, covering all severity-weighted errors, and it
is not the average of the dimension scores (see A.4).

As complementary diagnostics for omissions
and gross content loss, we also report d-BLEU.
We keep the judge model and prompts fixed across
all conditions; see Appendix A.4 for details.

4 Refinement Pipelines at Document Scale

We study document-scale refinement pipelines by
varying (i) the granularity of the initial translation
and (ii) the granularity and prompting strategy of
the refinement stage. We consider three granulari-
ties for both stages: segment, paragraph, and docu-
ment. Combining them yields nine configurations,
denoted as seg—rseg, ..., doc—doc.

MQM-FSP d-BLEU
Model Seg. Para. Doc.|Seg. Para. Doc.
GPT-5.2 83.4 84.7 90.0 {345 339 359
GPT-40 81.1 84.5 86.4 (382 38.2 37.2
DeepSeek-V3  80.5 83.8 85.7 (355 36.2 36.8
Qwen3-235B  76.4 82.5 83.0(32.0 30.6 34.4
GPT-OSS-120B 62.9 67.2 74.2 325 289 32.1
Qwen2.5-72B-it 68.3 72.8 72.7 (334 33.5 329
Qwen3-32B 58.7 65.5 70.5|30.6 31.3 324
Qwen2.5-32B-it 56.1 64.8 64.4(31.0 314 30.7
Qwen2.5-14B-it 47.9 60.7 64.8 (29.5 31.3 304

Table 2: Translation granularity comparison on
WMT24-Literary. We report MQM-FSP and d-BLEU.

4.1 Does Document-level MT Help?

We first compare translation quality when trans-
lating at different granularities. Table 2 reports
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MQM-FSP and d-BLEU for segment-, paragraph-,
and document-level MT. Across models, document-
level MT is consistently strong and often best,
yielding clear improvements over segment-level
MT and remaining competitive with paragraph-
level MT. This suggests that, even in a purely
inference-time setting, providing broader document
context during generation helps models resolve lo-
cal ambiguities and produce more coherent, stylis-
tically consistent literary translations.

Takeaway: In document-level literary MT, trans-
lating with full document context is a strong default
that improves overall quality across model families.

4.2 Refinement Granularity Analysis

Next, we evaluate all nine MT—refinement granu-
larity combinations under the same general prompt.
We center our analysis on refinement with Doc-MT
(Table 1), and provide the full results in Table 19.

How much does refinement rewrite? As shown
in Table 1, we find that the edit ratio differs strongly
across refinement granularities. Segment-level re-
finement rewrites the most, typically changing 25—
40% of initial-MT tokens. Interestingly, document-
level refinement is usually far more conservative
for most models, with edit ratios frequently below
5% . One notable exception is GPT-OSS-120B,
where document-level refinement is more aggres-
sive (17-23% edits).

How does refinement granularity affect perfor-
mance? Table 1 compares MQM-FSP perfor-
mance under the same general refinement based on
Doc-MT. We show that segment-level refinement
yields robust improvements for most models across
steps. In contrast, document-level refinement tends
to have limited or unstable improvements, which
seems to correlate with the low edit ratios.

Takeaway: Refinement granularity affects edit ra-
tio and performance drastically, with segment-level
refinement being the most robust choice.

4.3 Refinement Strategy Comparison

Beyond granularity, we compare several refinement
strategies applied to document-level MT outputs.
Table 3 reports DeepSeek-V3 as a representative
example; See full results in Appendix B.

Setting Overall Accuracy Fluency Style+Term
General +3.6 -0.2 +2.6 +1.2
Monolingual -0.8 -3.8 +2.0 +0.9
Step-by-step +1.4 -0.9 -1.3 -0.4
Eval-refine +3.5 -0.4 +1.5 +0.4
ErrorSpec-Accuracy +2.3 +1.0 +1.3 +0.0
ErrorSpec-Fluency ~ +2.0 +0.2 +1.6 +0.3

Table 3: Relative MQM-FSP gains of refinement strate-
gies for DeepSeek-V3 under document-level initial MT.
Cells show score changes from the initial translation.
Overall is not the average of dimension scores (see A.4).

General refinement. As the simplest strategy,
general refinement merely asks the model to pro-
duce a better version of the current translation. De-
spite this minimal instruction, it delivers the most
robust improvements in our study. We find that
this simple strategy encourages edits that are less
likely to introduce meaning drift, while polishing
the target text. This is also consistent with our later
analysis: refinement gains are dominated by flu-
ency and naturalness, with comparatively limited
accuracy improvement (Figure 1). As a result, gen-
eral refinement serves as a strong default and a high
bar that more structured prompting needs to justify.

Monolingual rewriting. We include monolin-
gual rewriting as a test of a simple motivation: if
refinement mainly improves target-side readability,
then removing the source might still yield fluency
gains. Although our prompt explicitly asks the
model to rewrite the translation without changing
its meaning, we still observe substantial drift, re-
flected in frequent Accuracy drops (e.g., Table 3).
Its Fluency improvements are often comparable to
general refinement, which suggests that much of
refinement’s reliable gain comes from target-side
polishing. This makes general refinement prefer-
able in practice: it achieves similar fluency gains
while keeping edits better anchored to the source.

Step-by-step prompting. Motivated by the
multi-stage step-by-step MT framework of Briakou
et al. (2024), we evaluate a structured prompting
recipe that decomposes refinement into intermedi-
ate stages instead of a single rewrite. Compared
to general refinement, it adds explicit steps like re-
search before editing and a final proofread. In our
setting, step-by-step prompting underperforms the
simple general strategy across all models, and our
human evaluation verifies this strategy can even
have a negative impact (see Table 4).
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Figure 1: Dimension-wise MQM-FSP gains under the Doc-Seg refinement configuration (step=4) on WMT24-
Literary. A =refined — initial; higher is better. We decompose quality into accuracy, fluency, and style+terminology.
Across models and language pairs, gains are primarily driven by fluency, with limited accuracy improvement.

Error-specific refinement. This approach is de-
signed to test whether explicitly targeting a subset
of MQM issues can steer refinement toward the
intended dimension (e.g., emphasizing adequacy
vs. fluency). In our experiments, these prompts do
change the profile of improvements: for instance,
ErrorSpec-Accuracy yields the largest Accuracy
gain on DeepSeek-V3 (Table 3), and the fluency-
focused variant tends to help Fluency. However,
these targeted gains do not consistently translate
into larger Overall improvements than the general
prompt across model families. This suggests that
focusing edits on one error type can leave other
issues untouched and may introduce dimension
trade-offs, so we treat ErrorSpec as a controllable
option rather than a default strategy.

MQM-guided eval-refine. MQM-guided eval—
refine makes refinement diagnosis-driven: the
model first lists MQM-style errors in the current
translation and then revises accordingly. It is often
competitive, but the effect can fluctuate across re-
finement steps rather than improving steadily. For
example, on DeepSeek-V3 the Overall gain peaks

at step2 (+4.0) and then slightly drops at step3
(+3.4) and step4 (+3.5); on Qwen3-235B it fluc-
tuates across steps (-0.6 / +2.8 / +1.7 / +3.5) (Ta-
ble 21). We further compare the self-diagnosis
errors against MQM-FSP, and find limited fine-
grained overlap, especially under strict MQM style-
matching (Appendix B.1). Overall, the model’s
self-diagnosis remains unreliable and can some-
times lead to unnecessary edits; improving self-
diagnosis reliability is a promising direction for
future work.

Takeaway recipe. Doc-Translation — Seg-
Refinement using a simple general prompt pipeline
is the most robust choice across model families and
language pairs.

5 What Does Refinement Improve?

Section 4 shows that refinement is highly effec-
tive under doc— seg with a simple general prompt,
while more targeted strategies do not reliably help.
We now ask a more diagnostic question: which
quality dimensions does refinement actually im-
prove? To answer this, we decompose quality into
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0SS-120B H Qwen3-235B ‘ ‘ DeepSeek-V3-671B ‘ ‘ GPT-5.2
Strategy =~ MQM DA ‘Ach FluM S+TMHMQM DA ‘Ach FluM S+TMHMQM DA ‘Ach FluM S+TMHMQM DA ‘Ach FluM S+T™
Initial 19.1 69.3‘ 58.8 844 764 H 41.8 75.5‘ 73.8 88.8 79.7 H 45.6 78.4‘ 729 914 81.7 H 44.8 77.5‘ 775 92.0 75.6
General +12.2 +3.7| +3.0 +4.5 +3.7 | +44 +1.3| -23 +22 +4.6 | +7.8 +3.1| -0.6 +1.6 +6.6 || +5.6 +2.0| -1.2 +0.7 +6.5
Eval-refine +84 +2.4|+44 +3.0 +1.3 || +3.3 +04| -1.5 +2.6 +2.0 || +1.7 +0.7| -04 +0.3 +1.7 || 455 +1.5| -0.6 +1.5 +5.0
Step-by-step -3.3 -5.0| -6.0 +24 +14 | -1.5 -0.1| -2.1 +0.5 -0.1 42 -16]-3.8 +0.7 -1.0 72 -1.7|-37 -1.5 -1.8

Table 4: Large-scale human MQM and DA evaluation results shown as score deltas relative to the Initial translation.
Positive values indicate improvements over the initial translation. MQM denotes human MQM Overall, DA denotes
Direct Assessment, and AccM, FluM, and S+TM denote the human MQM dimension scores for Accuracy, Fluency,
and Style+Terminology, respectively. Bold indicates the largest improvement for each model and metric.

Preference (%) Win (%)* Win by LP (%)* Sig.
Dimension Init Tie Refined (no ties) en—de en—es
Accuracy 15.7 343 50.0 76.1 51.9 (14/27) 92.5 (37/40) p<107*
Fluency 2.0 21.6 76.5 97.5 97.0 (32/33) 97.9 (46/47) p< 1074
Style+Term 4.9 29.4 65.7 93.1 89.3 (25/28) 95.5 (42/44) p<107*

Table 5: Human pairwise preferences comparing DeepSeek-V3 initial translations vs refined translations (step 4) on
200-300 word chunks. A/B presentation is randomized per chunk. Win (%) excludes ties (*). Counts are Refined

wins / non-tie comparisons.

MQM-style dimensions and analyze refinement ef-
fects along accuracy, fluency, style+terminology.

Figure 1 shows a clear pattern across mod-
els and language pairs: refinement gains are
driven primarily by fluency, with smaller gains in
style+terminology, while accuracy improvements
are weaker and less consistent. Because automatic
judging can still be imperfect at document scale, we
further validate these trends with complementary
human evaluations.

5.1 Large-scale Human MQM and DA
Evaluation

Setups We commissioned professional transla-
tion vendors to assess the full WMT24-Literary
test set across 7 language directions, covering 16
systems (4 LLMs x 4 strategies) and more than
1 million translated words. Annotators provided
both MQM-based assessments and a holistic Direct
Assessment (DA) score on a 0-100 scale reflecting
their overall impression (details in Appendix A.5).

Results Table 4 summarizes the resulting score
deltas relative to the initial translation, including
human MQM overall, DA, and MQM dimension
scores. Across all four models, General yields
the largest improvements in human MQM over-
all and DA, Eval-refine is typically second, and
Step-by-step performs worst. The dimension-wise
MQM results are broadly consistent with our auto-

matic analyses: the most reliable gains come from
target-side improvements, especially fluency and
style/terminology, whereas accuracy improvements
are weaker and less consistent across models.

5.2 Pairwise Human Preference Evaluation

Setups Beyond the large-scale human MQM and
DA evaluation above, we also conduct a targeted
pairwise human study on DeepSeek-V3, compar-
ing the initial document-level translation against its
refined output at step 4 on 200-300 word chunks
from en—de and en—es. Professional translators
provide 5-point pairwise preferences with random-
ized A/B order (A is much better / A is slightly
better / tie / B is slightly better / B is much better).
We evaluate three dimensions: accuracy, fluency,
and style+terminology. Full guidelines and the an-
notation interface are provided in Appendix A.S.

Results As shown in Table 5, refined translations
are strongly preferred on fluency, style, and termi-
nology, while accuracy preferences are more mixed
and accompanied by a higher tie rate. This is again
consistent with the automatic MQM analysis and
the large-scale human MQM/DA results.

Takeaway: Across both automatic MOM-FSP and
human evaluation, refinement benefits are strongest
in fluency and style-related dimensions, whereas
accuracy improvements are weaker and less con-
sistent. This suggests that current refinement works
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primarily as target-side polishing rather than reli-
able meaning repair.

This motivates the next question: does refine-
ment behave like human post-editing (locate-and-
fix) or more like broad rewriting? Section 6
tests this with strength-swapping and edit-location
probes.

6 How Do Refiners Behave?

The fine-grained analysis in Section 5 suggests that
refinement primarily optimizes target-side natural-
ness rather than performing targeted error fixing.
We now probe how refiners operate by varying
translator—refiner strength and analyzing edit pat-
terns. Our goal is to test whether refinement re-
sembles human post-editing (targeting local errors)
or instead behaves like a broader transformation
toward the refiner’s preferred distribution.

6.1 Translator—Refiner Strength Interaction

We study refinement outcomes under different com-
binations of translator and refiner strength. Con-
cretely, we pair translations produced by a strong
translator (DeepSeek-V3) or a weak translator
(Qwen2.5-14B-it) with a strong or weak refiner,
while keeping the general strategy and decoding
configuration fixed. Table 6 summarizes MQM-
FSP performance over four refinement steps.

Ceiling effect: the refiner largely determines the
attainable quality. A strong refiner can substan-
tially improve a weak initial translation (Tweax —
Rstrong), raising MQM by over +18 points at the
first step and continuing to improve with more re-
finement. However, even aggressive refinement
of weak translations does not match the quality
achieved when starting from a strong translation
refined by a strong model (7 syong — Lstrong ), indi-
cating that refinement cannot fully compensate for
a poor starting point.

Anchor effect: the initial translation remains
an influential starting point. Applying a weak
refiner to a strong translation (7 syong — f2weak) CON-
sistently degrades quality, pulling the output toward
the weaker model’s regime. Yet these degraded
outputs remain well above the weak model’s own
translations (Tweak) and even its self-refinement
(Tweak — Rweak), suggesting that refinement is bi-
ased by the refiner but still anchored to the provided
initial translation.

Takeaway: Refinement exhibits a ceiling effect
governed by refiner strength and an anchor effect
governed by the initial translation, implying that
refinement is not purely local error repair.

6.2 Refinement Is Not Confidence-Guided
Editing

Human post-editors are often described as locating
problematic spans in a draft translation and apply-
ing targeted fixes. To test whether LLM refiners
behave similarly, we ask whether words revised
during refinement are associated with lower decod-
ing confidence in the initial translation.

Setup For each document, we obtain per-token
log-probabilities and entropies from the initial
translation, aggregate them to the word level (min
over sub-tokens), and label each word as modified
vs. kept by word-level diff between the initial and
refined outputs. We quantify predictiveness using
ROC AUC (higher is better; 0.5 is random) and
effect size (Cohen’s d) between modified and kept
words. We provide the results of DeepSeek-V3
here but we found the same pattern for all LLMs.

LP #Words Mod.% AUC;, AUCey
en-cs 5,030 25.1 0490 0491
en-de 6,036 25.0 0.518 0.516
en-ja 10,961 20.7 0512 0.515
en-zh 6,668 13.0 0.517 0.516
en-ru 4,888 28.8 0.485 0.486
en-es 6,030 26.0 0.509 0.510
ja-zh 4,018 10.1 0493 0.49%
Avg. 43,631 21.2  0.503  0.504

Table 7: Predicting whether a word will be modified by
refinement using initial translation confidence proxies.
AUC;, uses — log p (equivalently lower log-prob indi-
cates lower confidence), and AUC, uses token entropy.

Results Across 7 language pairs, we find no
evidence that refiners preferentially edit low-
confidence words: both confidence proxies are near
chance at predicting edit locations (Avg. ROC AUC
= 0.503 for log-probability and 0.504 for entropy).
Edits are instead distributed broadly, supporting
a view of refinement as global rewriting/polishing
rather than a human-like locate-and-fix mechanism.

Takeaway: Refiners do not systematically target
low-confidence regions, diverging from targeted
human post-editing.
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Setting Init Stepl Step2 Step3 Step4
TStrong (DeepSeek-V3) 85.7 — _ _ _
Tswong — Rstrong 85.7 873 (+1.6) 89.7(+4.0) 89.8(+4.1) 89.3 (+3.6)
Tweak (Qwen2.5-14B) 64.8 - _ _ B
Tweak — Rweak 64.8 65.1 (+0.3) 669 (+2.0) 66.1(+1.3) 67.6(+2.8)
Tsuong — Rweak 85.7 759(-9.8) 76.2(9.5) 755(10.2) 77.5(-8.1)
Tweak — Rstrong 64.8 83.1 (+18.2) 86.5 (+21.7) 88.3 (+23.4) 88.9 (+24.0)

Table 6: MQM performance of Translator—Refiner (T/R) combinations. We use DeepSeek-V3 and Qwen2.5-14B as
the Strong and Weak translator/refiner. Parentheses show MQM changes over the initial translation quality.

6.3 A Distribution-Projection View of
Refinement

The above evidence suggests a simple picture of
refinement. Instead of locating a small set of errors
and fixing them, refiners often perform broad target-
side polishing: they rewrite the draft into a version
that reads more naturally in the target language,
while staying anchored to the provided translation
(and to the source when available). We call this
a distribution-projection view: refinement moves
outputs toward the refiner’s preferred target-text
distribution under an anchoring constraint.

This view is consistent with our findings: gains
concentrate in fluency/style, edits are not concen-
trated on low-confidence regions, and the attainable
quality is largely determined by the refiner (ceiling)
while still shaped by the initial translation (anchor).

Likelihood measurement. We quantify this view
using the refiner’s own likelihood, comparing the
initial translation y(o) and its refined version y(T)
under the same model py. Here x denotes the
complete source document and y denotes the full
document translation. We report two scores: an
unconditional target-text score s(y) and a source-
conditioned score s(y | =), and compute changes
As and As, from y(©) to y().

1

1

Asy = sy |2)=s(y |2),  As=s(y")=s(y).

Table 8 shows that refinement consistently in-
creases the target-text score (As > 0), while
changes in the source-conditioned score are smaller
and often negative (As, < 0), especially under
doc—seg. This pattern matches the distribution-
projection view: refinement reliably improves
target-side naturalness, while improvements un-
der strict source-conditioning are weaker and not
guaranteed.

Setting sl s2 s3 s4
Ase = s(y" | 2) — sy | 2)

doc-seg -0.151 -0.164 -0.175 -0.175
doc-par -0.051 -0.055 -0.057 -0.057
doc-doc -0.001 -0.001 -0.001 -0.001
As = s(y") —s(y”)
doc-seg 0.041 0.051 0.055 0.057
doc-par 0.035 0.037 0.038 0.039
doc-doc 0.004 0.002 0.007 0.007

Table 8: Internal probability diagnostics for DeepSeek-
V3 self-refinement. s(y | z) and s(y) are length-
normalized log-likelihoods under the same refiner
model. We report deltas as refined minus initial.

7 Conclusion

We presented a systematic study of iterative refine-
ment for document-level literary machine trans-
lation on WMT24-Literary, spanning multiple
LLMs and language pairs. Across nine translation—
refinement granularity combinations and multiple
prompting strategies, we identify a robust pipeline:
document-level MT followed by segment-level re-
finement with a simple general prompt. Our de-
tailed human evaluations show that refinement
gains are driven primarily by fluency, style, and
terminology, with only limited improvements in
semantic-level translation adequacy. Mechanistic
probes further reveal ceiling and anchor effects and
weak coupling between model confidence and edit
locations, supporting a distribution-projection view
of refinement. Together, our findings clarify what
current refinement methods can (and cannot) reli-
ably deliver at document scale and provide practi-
cal guidance for deploying refinement in long-form
translation.
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Limitations

Efficiency concerns. While iterative refinement
is effective across models and requires no addi-
tional training, the improved performance comes
at the cost of increased inference time, similar to
other test-time scaling approaches (Wei et al., 2022;
DeepSeek-Al et al., 2025a; Muennighoff et al.,
2025). The trade-off is justified for quality-critical
applications: performing refinement with state-of-
the-art LLMs achieves the best translation qual-
ity. Nevertheless, this computational overhead can
be significant, particularly when translating large-
scale documents. Consequently, future work can
explore more efficient refinement strategies.

Potential Risks

We acknowledge societal biases may exist in Ma-
chine Translation research. To alleviate the poten-
tial risks such as toxicity and human biases, we pri-
oritize high-quality data from WMT Metric Shared
tasks.
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A Implementation details

A.1 Model details

We provide the model identifiers in Table 9.
All Hugging Face models were deployed us-
ing SGLang (Zheng et al., 2024) on NVIDIA
H100/H200 GPUs. Claude models are called via
APIs.

Model Family Hugging Face/API ID
Qwen/Qwen2.5-14B-Instruct

Qwen2.5 Qwen/Qwen2.5-32B-Instruct
Qwen/Qwen3-32B

Qwen3 Qwen/Qwen3-235B-A22B-Instruct-
2507

DeepSeek V3 deepseek-ai/DeepSeek-V3

GPT-0OSS openai/gpt-oss-120b

Claude 3.5 anthropic.claude-3-5-sonnet-
20241022-v2:0

GPT-40 gpt-40-2024-08-06

GPT-5.2 gpt-5.2-2025-12-11

Table 9: List of models with their corresponding Hug-
ging Face and Bedrock Model IDs.

A.2 Data processing

We describe the procedure for obtaining text seg-
ments at different granularity levels and the ratio-
nale behind our segmentation strategy.

Data source and initial format. The WMT24
dataset is provided in a pre-segmented format,
where the raw data is already split into segment-
level units, typically corresponding to individual
sentences. These segments serve as the atomic
units in our processing pipeline.

Processing methodology. To construct our multi-
granularity dataset, we first merge all pre-
segmented units into complete documents by con-
catenating consecutive segments with double new-
line delimiters (\n\n). From these reconstructed
documents, we then create three levels of granular-

ity:

* Segment-level: We retain the original pre-
segmented units without modification. Each
segment typically corresponds to a single sen-
tence (approximately 20-50 tokens).

» Paragraph-level: We group consecutive seg-
ments until reaching a target length of ap-
proximately 250 words (50 words tolerance).

Each paragraph thus contains multiple com-
plete sentences (approximately 200 tokens).

* Document-level: We group consecutive seg-
ments until reaching a target length of approx-
imately 2,048 words (500 words tolerance).
Documents exceeding this range are split into
multiple contiguous chunks, each adhering to
the target length constraint.

Note that we do not split within a segment, ensur-
ing that all granularity levels consist of complete,
consecutive segments and preserving the linguistic
integrity of individual sentences.

The rationale for defining the document limit at
2,048 words is threefold: (a) it is sufficient to cap-
ture the majority of discourse dependencies (Kim,
2025); (b) certain LLLMs have generation limits that
prevent generating longer outputs; and (¢) Kocmi
et al. (2025) have shown that contemporary LLMs,
including strong proprietary models, suffer from
significant content omission when translating very
long documents.

A.3 Refinement Prompts

We provide our refinement prompts as follows:

* General translation refinement: These
prompts refine translations at different gran-
ularities (segment, paragraph, and document
levels) with full source context: Tables 12
to 14.

* Monolingual refinement: This prompt re-
fines translations without reference to the
source document: Table 15.

* Step-by-step prompting: (Briakou et al.,
2024): A pipeline of four prompts applied
sequentially, with each step addressing a spe-
cific subtask and refining the previous output
to form the final translation. All four prompts
are provided in Table 16.

* Error-specific refinement: This prompt tar-
gets specific error types (accuracy or fluency)
for focused correction: Table 17.

* MQM-guided eval-refine: This prompt uses
the MQM framework to evaluate and identify
translation errors systematically: Table 18.

A.4 Automatic evaluation

We use three automatic evaluation metrics to assess
document-level translation quality.
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https://huggingface.co/Qwen/Qwen2.5-14B-Instruct
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https://developers.openai.com/api/docs/models/gpt-4o
https://developers.openai.com/api/docs/models/gpt-5.2

Model #Br1pyy  #Errpsp Ratio  Error-type match (cat) MQM match (cat+sev)  Span match (cat+sev+span@0.3)
P R F1 P R F1 P R F1
DeepSeek-V3-671B 1921 643  2.99 0.0906 0.2706 0.1357 0.0786 0.2348 0.1178 0.0396 0.1182 0.0593
Qwen3-235B 2084 734 2.84 0.1036 0.2943 0.1533 0.0729 0.2071 0.1079 0.0441 0.1253 0.0653
Qwen3-32B 3391 1259  2.69 0.1439 0.3876 0.2099 0.1153 0.3106 0.1682 0.0752 0.2025 0.1097
Qwen2.5-14B 2635 1413 1.87 0.1977 0.3687 0.2574 0.1393 0.2597 0.1813 0.0861 0.1607 0.1122
Qwen2.5-32B 1868 1454  1.28 0.1809 0.2325 0.2035 0.1526 0.1960 0.1716 0.0969 0.1245 0.1090

Table 10: Overlap between Eval-Refine diagnosis-stage MQM errors and MQM-FSP errors on the same initial
translations. Error-type match: MQM category only. MQM match: MQM category + severity. Span match:

category + severity + span overlap (threshold 0.3).

MQM-FSP. We use MQM-FSP (Domhan and
Zhu, 2025) as our primary evaluation metric. This
approach addresses the “length bias” found in pre-
vious LLM-based metrics like GEMBA (Kocmi
and Federmann, 2023), which often fail to detect
translation errors as the input length increases. By
prompting the LLM to evaluate the translation sen-
tence by sentence while maintaining the full doc-
ument context, MQM-FSP ensures the evaluator
is length-invariant and improves system ranking.
Table 11 shows the MQM-FSP prompt.

To account for varying document lengths, we
compute a length-normalized quality score for each
document. First, we aggregate error spans identi-
fied in the document, applying weights (w) of 1, 3,
and 5 for minor, major, and critical errors, respec-
tively. We then normalize this weighted error sum
to a standard basis of 1,000 tokens. The final score
s for a given document is calculated as:

N
Dim1 Wi

=L 501000
DI

s =max | 0,100 —

where N denotes the total number of errors, w;
represents the weight of the i-th error, and | D] is
the document length in tokens. Scores are averaged
first across the documents within each language
pair, and finally across all 7 language pairs to re-
port the system-level performance (e.g., the results

reported in Table 1 are derived this way).

Dimension scores and Overall. In addition to the
Overall MQM-FSP score above, we report coarse
dimension-wise scores (Accuracy, Fluency, and
Style+Terminology) by summing the same severity-
weighted error contributions after mapping each
error’s error_category to a small set of buckets.
2 By contrast, Overall is computed as the severity-
weighted sum over all errors, followed by length

2We use keyword matching on error_category to assign
errors to buckets. This heuristic mapping is not guaranteed

normalization. Therefore, Overall is not a simple
average of the dimension scores and should not be
interpreted as a decomposition of them.

d-BLEU. We use document-level BLEU (d-
BLEU)® as a sanity check. While LLM-based
judges are effective, they can exhibit bias toward
specific writing styles and may occasionally fail to
penalize content omissions. d-BLEU serves as a
non-neural, reference-based metric to complement
the LLM evaluation.

Length ratio. We also monitor the length ratio
between the translation and the source text as a safe-
guard against catastrophic omissions. We observed
that LLMs are prone to significant content omis-
sion when processing long documents (e.g., inputs
exceeding 4K tokens), a tendency also reported by
Kocmi et al. (2025). Although our method pro-
cesses text in 2K-token segments to mitigate this
risk, we retain this metric as a guardrail. Specifi-
cally, we flag translations for manual inspection if
the ratio of translation length to source length falls
outside the range of [0.8, 1.2]. In our experiments,
no translations triggered this threshold.

A.5 Human Evaluation

We conduct two complementary human evalua-
tions: (i) a large-scale human MQM+DA study
covering the full WMT24-Literary test set, and (ii)
a targeted pairwise preference study designed to
directly compare initial and refined translations.

Large-scale human MQM and DA. We com-
missioned professional translation vendors to eval-
uate system outputs on the full WMT24-Literary
test set across 7 language directions, covering 16

to cover all error categories (unmatched cases are grouped
as Other) and is not mutually exclusive (an error may match
multiple buckets and contribute to multiple dimension scores).

3d-BLEU computes the BLEU score over document pairs
by treating each document as a single continuous sequence,
comparing the generated translation against the reference text.
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systems in total. Since all MT systems translate at
the document level, but full-document annotation is
cumbersome, we divide each source document into
smaller contiguous chunks for human assessment.
Annotators are shown one source chunk together
with 4-5 candidate translations from different sys-
tems; the display order of candidates is randomized
independently for each source input, and annotators
are blind to the originating systems.

For each candidate translation, annotators first
perform MQM-style error annotation by highlight-
ing error spans in the target text, assigning an
error type, and marking a severity level (Minor,
Major, or Critical). We use a lightweight taxon-
omy with five top-level categories: ACCURACY,
FLUENCY, STYLE, TERMINOLOGY, and OTHER.
ACCURACY covers meaning-related errors such
as mistranslation, addition/hallucination, omission,
and entity/number/negation errors. FLUENCY cov-
ers violations of target-language well-formedness,
including grammar, orthography, and local coher-
ence issues. STYLE captures awkwardness, register
mismatch, unnatural phrasing, and source-language
interference. TERMINOLOGY covers incorrect or
inconsistent technical term usage. OTHER is re-
served for residual issues such as locale conven-
tions or markup problems.

After MQM annotation, annotators additionally
provide a holistic direct assessment (DA) score on
a 0-100 slider reflecting their overall impression of
translation quality. They are instructed to annotate
all noticeable errors, remain consistent across can-
didates for the same source chunk, and use the most
specific category available. We aggregate these an-
notations into human MQM overall and dimension
scores; for reporting, we merge STYLE and TER-
MINOLOGY into a single STYLE+TERMINOLOGY
dimension.

Pairwise human preference evaluation. To
more directly test which quality dimensions benefit
from refinement, we conduct a second targeted hu-
man study on DeepSeek-V3, comparing the initial
document-level translation against its refined out-
put at step 4. We evaluate 200-300 word chunks
from en—de and en—es. For each chunk, pro-
fessional translators compare the two candidates
in randomized A/B order and judge three dimen-
sions separately: ACCURACY, FLUENCY, and
STYLE+TERMINOLOGY. Judgments are collected
on a 5-point comparative scale: A much better, A
slightly better, tie, B slightly better, and B much

better.

We report win/tie/loss statistics as well as win
rates after excluding ties. This pairwise study com-
plements the large-scale MQM+DA evaluation by
providing a direct dimension-wise comparison be-
tween initial and refined outputs.

B Full Refinement Results

Due to space constraints, we provide detailed re-
sults of different refinement strategies in this sec-
tion.

Refinement Granularity Analysis We evaluate
all nine combinations of initial translation and re-
finement granularities in Table 19. Document-level
MT (docMT) consistently yields the strongest ini-
tial translations, and the same ranking persists after
refinement: docMT-based refinement outperforms
segment- and paragraph-based pipelines. This
highlights the importance of performing document-
level translation—in contrast to much prior refine-
ment work that operates at segment/paragraph gran-
ularity even when targeting document translation.

Step-By-Step Translation We demonstrate the
results of Step-By-Step Translation (Briakou et al.,
2024) in Table 20. Firstly, we found this approach
does not yield better performance than the general
strategy, similar to the findings in Wu et al. (2025).
Secondly, similar to other refinement approaches,
we find that Step-by-Step does not improve trans-
lation on the Accuracy dimension, this further re-
inforces our claim in Section 5 (i.e., refinement
primarily improves fluency, while its impact on
adequacy/accuracy is limited and inconsistent).

B.1 Overlap Between Eval-Refine Diagnosis
and MQM-FSP Errors

We quantify how well the MQM error lists pro-
duced by the diagnosis stage of Eval-Refine align
with MQM-FSP errors on the same initial trans-
lations. For each document, we compare two
sets of error records: (i) errors predicted by Eval—
Refine (diagnosis step), and (ii) errors reported by
MQM-FSP (our primary judge). We report preci-
sion/recall/F1 under three matching criteria with
increasing strictness: Error-type match requires
MQM category agreement only; MQM match
requires agreement on both MQM category and
severity; and Span match additionally requires
span-level overlap.

Table 10 summarizes results for all language
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[ & Human Evaluation Guidelines for Document-Level Translation

You will be evaluating machine-translated documents by comparing two translation versions (Jabeled A and B) against the source text.

Annotation Guidelines:

Accuracy: How well does the translation convey the meaning of the source text? Consider mistranslation, omission, addition, and untranslated errors.
« AMuch Better: Als significantly more accurate than B
« Aslightly Better: Ais somewhat more accurate than B
« Tie: Both equally accurate or inaccurate
« B Slightly Better: Bis somewhat more accurate than A
« B Much Better: Bs significantly more accurate than A

Fluency: How natural and grammatically correct is the translation? Consider grammar, punctuation, speling, and register errors.
« AMuch Bett

is significantly more fluent than B
« Aslightly Better: Als somewhat more fluent than B
« Tie: Both equally fluent or disfluent

« B Slightly Better: Bis somewhat more fluent than A
« B Much Better: B is significantly more fluent than A

Style+Terminology: Is the translation style appropriate and terminology consistent? Consider inappropriate terminology, inconsistent terminology, and stylistic errors.
+ A Much Better: A has significantly better style/terminology than B
« Aslightly Better: A has somewhat better style/terminology than B
« Tie: Both have similar style/terminology
« B Slightly Better: B has somewhat better style/terminology than A
* B Much Better: B has significantly better style/terminology than A

Rating Scale:
+ Much Better: Clear and significant difference in quality
+ slightly Better: Minor or subtle difference in quality
+ Tie: No meaningful difference, or both have different strengths/weaknesses that balance out

Note: The A/B labels are randomized independently for each chunk. This means that "

in one chunk may correspond to a different translation system than "A" in another chunk.

Figure 2: Annotation guidance for human evaluation.

Language Pair: en-de | Document: test-en-literary_detestable | Chunl

2 Chunk #1

O Source Text “A

GOOD RIDDANCE The advancement of Humanity never ceased, even for a moment-—during difficult times we grow ‘GUT, DASS ES VORBEI IST Der Fortschritt der Menschheit hat nie geruht, nicht einen
Augenblick lang — in schwierigen Zeiten wachsen und passen wir uns emeut an. Die

Stédte sind so wohlhabend wie eh und je, und unser technologischer Fortschritt

‘and adapt once again. The cities are as prosperous as ever, and our technological advancement is i

\g. With our
recent discovery of Ignniat, humanity has once skyrocketed past its peak; the greatest has yet to be achieved. This

grace of newfound knowledge could only be described s divine intervention - we humanity will e able to grace the
gods with our presence in the

schreitet unaufhaltsam voran. Mit der jingsten Entdeckung von Ignniat hat die
ren bisherigen Hohepunkt emeut ibertroffen; das GroBte steht noch
bevor. Diese Gabe neu gewonnenen Wissens Iasst sich nur als gottiiche Fiigung

land in the clouds. Everyone within the company of Karascene has evaluated Ignniat  Menschhei
and we sense a large potential within this mineral - worry not, Ignniat has not been evaluated to have any side
effects or downsides of being mined, it has a higher chance to- JANUARY 14th, 10:26 PM, 2543. beschreiben — wir Menschen werden die Gotter mit unserer Anwesenheit in ihrem
Reich in den Wolken ehren konnen. Jeder im Kreis von Karascene hat Ignniat
gepriift, und wir erkennen ein immenses Potenzial in diesem Mineral - keine Sorge,
beim Abbau von Ignniat wurden keine Nebenwirkungen oder Nachteile festgestell,

es birgt eine hhere Chance zu- 14. JANUAR 2543, 22:26 UHR,

ul Accuracy:
AMuch ASighty e
Better Better

Fluency:

Abuch Asightly Te
Better Better

% Style + Terminolog
AMuch Asighty e
Better

Comments (optional):

‘Add any comments or observations,

B Sightt
Better

B Slight
Better

8 Slight

GUTER RIDDANCE Der Fortschritt der Menschheit hat nie aufgehdrt, nicht einmal fiir
einen Moment — in schwierigen Zeiten wachsen und passen wir uns emeut an.

Stiidte sind so wohlhabend wie eh und je, und unser technologischer Fortschritt steigt.
Mit unserer jingsten Entdeckung von Ignniat st die Menschheit erneut tiber ihren
Hohepunkt hinausgeschossen; das GroBte muss noch erreicht werden. Diese Gnade
neu gewonnenen Wissens konnte nur als gattliche Intervention beschrieben werden —
wir Menschen werden in der Lage sein, die Gdtter mit unserer Anwesenhelt in ihrem
Land i den Wolken zu begliicken. Jeder innerhalb der Gesellschaft von Karascene
hat Ignniat bewertet, und wir spiren ein groBes Potenzial in diesem Mineral - keine
Sorge, Ignniat wurde nicht als mit Nebenwirkungen oder Nachteflen beim Abbau
bewertet, es hat eine hohere Chance zu- 14. JANUAR, 22:26 UHR, 2543,

BMuch
Better

iy

BMuch
Better

ly

BMuch
Better

ty

Figure 3: Example of the annotation interface for human evaluation. The source document is divided into chunks.
For each chunk, annotators are shown two translations from different MT systems, with differences highlighted.
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Figure 4: Refinement trajectories from 16 sampled initial document translations produced by DeepSeek-V3. Colored
lines denote individual initial translations, the black line shows the candidate-wise mean, and the gray band indicates
the min—max range. Across language pairs, refinement consistently improves mean MQM-FSP and reduces cross-
candidate variation, especially for Overall and Fluency.
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pairs in WMT?24-Literary. Across models, Eval—
Refine tends to flag more errors than MQM-FSP,
and agreement decreases as we move from coarse
label matching to strict span matching, suggest-
ing the diagnosis output is better interpreted as a
noisy intermediate supervision signal rather than a
faithful MQM annotation.

C Refinement from Multiple Sampled
Initial Translations

To examine whether refinement is robust to varia-
tion in the initial document translation, we sam-
ple 16 document-level initial translations from
DeepSeek-V3 for each source document and apply
the same iterative refinement procedure to each can-
didate. Figure 4 shows the MQM-FSP trajectories
across refinement steps for all candidates, together
with the candidate-wise mean and min—-max range.

We observe two consistent patterns across lan-
guage pairs. First, the mean Overall MQM-FSP
score improves steadily with refinement, with the
largest gains typically achieved in the first one
or two steps. Second, the spread across candi-
dates becomes noticeably smaller after refinement:
while the sampled initial translations exhibit sub-
stantial variation at step 0, their scores become
more concentrated after refinement. This contrac-
tion pattern is particularly clear for Overall and
Fluency, while Accuracy remains comparatively
stable and shows smaller, less consistent changes.
Style+Terminology also tends to improve, but gen-
erally less than Fluency.

Overall, these results suggest that refinement is
robust to variation in the starting translation and
tends to project diverse sampled candidates toward
a narrower, higher-quality region. This observation
is consistent with our main finding that current
refinement behaves more like target-side polishing
than reliable meaning repair.
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You are an annotator for the quality of machine translation. Your task is to assess the overall quality of the
translation and to identify specific errors using Multidimensional Quality Metrics (MQM). You will be given a
full document and its translation, but only score one segment at a time which is given in
<target_segment></target_segment> tags. Based on the source text (in <source></source> tags) and machine
translation (in <translation></translation> tags), first explain the overall translation quality of the target
segment, then assign it a score, and then identify and classify all individual errors. The categories of errors
are: accuracy (addition, mistranslation, omission, untranslated text), fluency (character encoding, grammar,
inconsistency, punctuation, register, spelling), style (awkward), terminology (inappropriate for context,
inconsistent use), other (other). Each error, including omissions or untranslated content, is classified as one
of three categories: critical, major, and minor. Critical errors inhibit comprehension of the text. Major errors
disrupt the flow, but what the text is trying to say is still understandable. Minor errors are technically
errors, but do not disrupt the flow or hinder comprehension. The source text must be fully covered and any
omissions should also be annotated as errors. Please only include errors and no spans that do not contain errors.
Please respond in JSON following this schema:

"type”: "object”,
"properties”:

"quality_explanation”:

"type": "string"”,

"description”: "An explanation of the overall quality of the target segment's translation considering all of the
error types. When helpful, reference specific errors.”

"quality_score”:

"type"”: "integer"”,

"description”: "Overall quality score of the target segment's translation. Considering all errors, please choose
the overall quality score. The quality levels associated with numerical scores: @: No meaning preserved: Nearly
all information is lost in the translation. 33: Some meaning preserved: Some of the meaning is preserved but
significant parts are missing. The narrative is hard to follow due to errors. The text may be phrased in an
unnatural/awkward way. Grammar may be poor. 66: Most meaning preserved and few grammar mistakes: The translation
retains most of the meaning. It may have some grammar mistakes or minor inconsistencies. 100: Perfect meaning and
grammar: The meaning and grammar of the translation is completely consistent with the source. The text sounds
like native text in the target language without any awkward phrases. Use any number in the range between @ and
100 for a fine-grained quality score.”

"errors":

"type”: "array”,

"items":

"type": "object”,

"properties”:

"explanation”

"type": "string"”,

"description”: "A brief explanation of the error and its impact.”

herror span”:
utypeuT “string”
: )
"description”: "The relevant input span where the error occurred.”

)
"error_category”:
"type”: "string”,

"enum”: ["accuracy”, "fluency”, "style”, "terminology”, "other"],
"description”: "The main category of the error”

herror_type“:

"type": "string”,

"description”: "The specific type of error within the category.”
Lseverity":

"type": "string”,

"enum”: ["critical”, "major”, "minor"],

"description”: "The severity level of the error.”

hrequired”: ["explanation”, "error_category”, "error_type", "severity"]
Lrequired”: ["quality_explanation”, "quality_score”, "errors"]

Please score the following input:

<input>

<source_language>{{ src_lang }}</source_language>

<source>{{ src }}</source>

<target_language>{{ tgt_lang }}</target_language>

<translation>{{ output_seq }}</translation>

<target_segment>{{ target_segment }}</target_segment>

</input>

Please respond in JSON without any introduction or explanation. Only the JSON response is required. Use the full
document as context while only scoring the translation segment given in <target_segment></target_segment> tags.
MQM:

Table 11: The MQM-FSP prompt for document-level translation evaluation.
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System prompt
You are an expert translation quality improvement assistant. Your task is to refine a specific
segment of a {{ tgt_lang }} translation to be more accurate, natural, and fluent. Output ONLY the
refined segment - do NOT generate additional content.

User prompt
Below is the complete {{ src_lang }} source document and its {{ tgt_lang }} translation.

*xComplete Source Document ({{ src_lang }}):*x
{{ full_src }}

**Complete Current Translation ({{ tgt_lang }}):**
{{ full_translation }}

**xYour task:** Refine segment #{{ segment_idx + 1 }} below to be:
+ Accurate and faithful to the source

« Natural and fluent in {{ tgt_lang }}

+ Consistent with the surrounding context

+ Maintains coherence within the paragraph

**segment #{{ segment_idx + 1 }} to refine:*x*
{{ segment_to_refine }}

Table 12: System and user prompt for the segment-level general refinement strategy. Highlighted sections are
structural annotations for readability and are not part of the actual prompt.

System prompt
You are an expert translation quality improvement assistant. Your task is to refine a specific
paragraph of a {{ tgt_lang }} translation to be more accurate, natural, and fluent.

User prompt
Below is the complete {{ src_lang }} source document and its {{ tgt_lang }} translation.

**Complete Source Document ({{ src_lang }}):**
{{ full_src }}

*xComplete Current Translation ({{ tgt_lang }}):*x
{{ full_translation }}

*xYour task:** Refine paragraph #{{ paragraph_idx + 1 }} below to be:
+ Accurate and faithful to the source

« Natural and fluent in {{ tgt_lang }}

- Consistent with the surrounding context

+ Maintains coherence within the paragraph

**Paragraph #{{ paragraph_idx + 1 }} to refine:*x*
{{ paragraph_to_refine }}

Provide ONLY the improved translation without explanations.

Table 13: System and user prompt for the paragraph-level general refinement strategy. Highlighted sections are
structural annotations for readability and are not part of the actual prompt.
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System prompt
You are an expert translation quality improvement assistant. Your task is to refine an entire {{
tgt_lang }} translation to be more accurate, natural, and fluent.

User prompt
Below is a complete {{ src_lang }} source document and its {{ tgt_lang }} translation.

**xSource Document ({{ src_lang }}):*x
{{ full_src }}

**Current Translation ({{ tgt_lang }}):*x*
{{ full_translation }}

**Your task:** Refine the entire translation to be:
+ Accurate and faithful to the source

- Natural and fluent in {{ tgt_lang }}

+ Coherent and consistent throughout

+ Maintains appropriate style and tone

Provide ONLY the improved translation without explanations.

Table 14: System and user prompt for the document-level general refinement strategy. Highlighted sections are
structural annotations for readability and are not part of the actual prompt.

System prompt
You are an expert translation quality evaluator. Your task is to identify and categorize translation
errors using the MQM (Multidimensional Quality Metrics) framework.

User prompt
Below is a complete {{ tgt_lang }} text.

**xComplete Text ({{ tgt_lang }}):*x
{{ full_translation }}

**Your task:** Refine paragraph #{{ paragraph_idx + 1 }} below to be more natural and fluent.

**xParagraph #{{ paragraph_idx + 1 }} to refine:xx*
{{ paragraph_to_refine }}

Table 15: System and user prompt for the monolingual refinement strategy. Highlighted sections are structural
annotations for readability and are not part of the actual prompt.
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Step 1 Pre-drafting Research, user prompt
You will be asked to translate a piece of text from {{ src_lang }} into {{ tgt_lang }} following
stages of the translation process. Here is the text to be translated:

Source Text: {{ src_text_display }}
To start, let's do some pre-drafting research on the above text:

Research:
During this phase, thorough research is essential to address components of the source text that pose

translation challenges. The goal is to establish a comprehensive translation plan that covers the
following category:

* Idiomatic Expressions:
* Identify idiomatic expressions that cannot be directly translated word-for-word
into {{ tgt_lang }}.
Step 2 Drafting, user prompt
Now, let's move on to the drafting stage.

Draft Translation:
In this phase, your primary objective is to create a draft translation that accurately conveys the

meaning of the source text provided above in Step 1. At this stage, it is crucial to focus on
adequacy, ensuring that your translation closely adheres to the source text.

IMPORTANT: This is a FULL TRANSLATION task, not a summary.
« Translate EVERY sentence completely

- Do NOT skip or omit any content

« Do NOT summarize or condense

+ Qutput ONLY the translation (no notes or explanations)

Your response should conclude with the draft translation. If context is missing, generate a general
translation that is adaptable to various contexts. Avoid adding any additional information not
present in the source text. All elements of the source text should be present in the translation.
Provide only one best {{ tgt_lang }} translation of the {{ src_lang }} source text above, guided by
the pre-drafting analysis, without adding anything further:

{{ tgt_lang }}:
Step 3 Refinement, user prompt
Now let's move to the next stage.

Post-editing with local refinement:
In this stage, the primary aim is to refine the draft translation above by making micro-level
improvements that improve the draft's fluency.

IMPORTANT: This is a FULL TRANSLATION task, not a summary.
- Keep EVERY sentence from the draft translation

- Do NOT skip or omit any content

+ Do NOT summarize or condense

Provide only one refined {{ tgt_lang }} translation without adding anything further:

{{ tgt_lang }}:
Step 4 Proofread, user prompt
Now let's move to the final stage.

Proofread and Final Editing:
The goal is to provide a polished final translation of the source text. Please refer to the source

text from Step 1, the draft translation from Step 2, and the refined translation from Step 3 in the
conversation above.

IMPORTANT: This is a FULL TRANSLATION task, not a summary.
+ Keep EVERY sentence from the refined translation

+ Do NOT skip or omit any content

+ Do NOT summarize or condense

Please proofread the refined text for grammar, spelling, punctuation, terminology, and overall

fluency. Ensure the translation accurately reflects the original meaning and style. Provide only the
final, polished {{ tgt_lang }} translation without adding anything further:

{{ tgt_lang }}:

Table 16: User prompts from the step-by-step prompting approach proposed by Briakou et al. (2024). The same
system prompt is used across all four translation stages: “You are a helpful assistant.”. Highlighted sections
are structural annotations for readability and are not part of the actual prompt.
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Refinement dimension definitions. These can be inserted as {{ dimension_instructions }}

Dimension: Accuracy

Description: Mistranslations, omissions, additions, untranslated content
Instruction:
Find ONLY accuracy errors:

- Mistranslations (wrong meaning)

+ Omissions (missing source content)

« Additions (extra content not in source)

+ Untranslated terms
Fix ONLY these errors. Keep all other parts UNCHANGED.

Dimension: Fluency

Description: Grammar errors, awkward phrasing, unnatural word order
Instruction:
Find ONLY fluency errors:

- Grammar mistakes (verb tense, agreement, etc.)

- Awkward or stilted phrasing

+ Unnatural word order
Fix ONLY these errors. Keep meaning and terminology UNCHANGED.

System prompt

You are an expert translation error correction specialist. Your task is to {{ task_description }} in
a {{ target_language }} translation.

{{ dimension_instructions }}

User prompt
Below is the complete {{ source_language }} source document and its {{ target_language }}
translation.

*xComplete Source Document ({{ source_language }}):**
{{ full_source }}

*xComplete Current Translation ({{ target_language }}):**
{{ full_translation }}

*xYour task:** Review and refine segment #{{ segment_number }} below for {{ focused_dimensions }}
errors ONLY.

IMPORTANT :

« Output ONLY the refined version of segment #{{ segment_number }}

« Do NOT include other segments

- Do NOT add explanations

- Keep the length similar to the original segment

« Identify {{ focused_dimensions }} errors (if any) and fix ONLY those specific errors, do NOT

improve other aspects
**xSource segment #{{ segment_number }}:** {{ source_segment }}
**xCurrent translation #{{ segment_number }}:*x {{ current_segment }}

**xRefined segment #{{ segment_number }}:x*x

Table 17: Prompt template for error-specific refinement. The template includes dimension definitions (Ac-
curacy and Fluency), system prompt, and user prompt with segment-level context for targeted error correc-
tion. Highlighted sections are structural annotations for readability and are not part of the actual prompt.
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System prompt
You are an expert {{ tgt_lang }} text quality improvement assistant. Your task is to refine a
specific paragraph of a {{ tgt_lang }} text to be more natural, fluent, and coherent.

User prompt
Below is the complete {{ src_lang }} source document and its {{ tgt_lang }} translation.

*xComplete Source Document ({{ src_lang }}):*x
{{ full_src }}

*xComplete Current Translation ({{ tgt_lang }}):*x
{{ full_translation }}

*xYour task:** Evaluate segment #{{ segment_idx + 1 }} for translation quality.
**Source segment #{{ segment_idx + 1 }}:** {{ src_segment }}
*xTranslation segment #{{ segment_idx + 1 }}:xx {{ segment_to_eval }}

Identify all translation errors in this segment and categorize them using MQM error types:
- **Accuracy errors**: mistranslation, omission, addition, untranslated

- *xFluency errorsx*x: grammar, spelling, punctuation, inconsistency

- **xStyle errors*x: awkward, unnatural

- *xTerminology errors*x: incorrect term, inconsistent terminology

For each error, provide:

1. Error type (e.g., 'accuracy/mistranslation', 'fluency/grammar')
2. Severity (minor/major/critical)

3. The erroneous text span in the translation

4. Explanation of the error

Format your response as:

json
"errors”": [
" nl o . R
type”: "accuracy/mistranslation”,
"severity”: "major",
"text": "erroneous text",
" Soon.on AR "
explanation”: "description of the error

]7
"overall_quality”: "good/fair/poor”

Table 18: System and user prompt used in the MQM-guided eval-refine approach. Highlighted sections are
structural annotations for readability and are not part of the actual prompt.
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Init MT —Seg —Para —Doc

Model Level Score sl s2 s3 s4 sl s2 s3 s4 sl s2 s3 s4

Seg 80.5 84.8 85.3 86.3 85.7 83.9 85.0 85.5 85.5 83.0 83.4 83.3 83.6
DeepSeek-V3  Para 83.8 83.4 84.6 85.3 86.1 85.7 86.8 869 87.1 869 87.7 87.3 87.5
Doc 85.7 87.3 89.7 89.8 89.3 87.9 87.2 87.5 88.1 86.4 87.4 874

87.3
Seg 764 82.0 82.7 829 82.4 84.1 84.8 84.5 87.6 87.1 87.7 87.7 87.5
Qwen3-235B Para 825 819 83.3 82.8 82.4 85.0 85.3 87.2 86.7 87.7 88.0 88.2 88.5

Doc 83.0 84.0 84.5 85.2 85.6 85.5 87.6 88.1 88.7 86.4 87.3 88.1 8

7
Seg 629 73.8 76.1 75.0 76.0 74.4 76.5 78.1 78.4 77.1 80.6 77.5 79.4
GPT-OSS-120B Para 67.2 72.6 76.1 749 76.4 78.2 78.4 77.8 79.0 79.6 80.1 80.3 81.4
Doc 74.2 78.6 79.8 79.5 80.0 78.5 78.7 79.9 80.2 80.7 80.9 81.5 82.3

Seg 479 60.5 65.0 63.6 61.4 60.9 63.4 60.9 57.8 58.9 57.7 58.1 58.9
Qwen2.5-14B  Para 60.7 649 66.4 654 67.6 64.2 63.6 60.6 57.1 64.0 64.6 64.2 64.8
Doc 64.8 65.1 66.9 66.1 67.6 66.5 66.1 664 65.1 65.6 663 66.7 65.3

Seg 56.1 66.4 68.8 65.8 66.7 64.1 63.3 65.8 66.9 53.5 54.0 53.6 54.2
Qwen2.5-32B  Para 64.8 69.0 69.7 68.8 69.3 70.7 70.4 70.7 70.9 68.0 68.7 67.8 67.6
Doc 644 70.8 714 71.3 70.5 70.1 70.4 70.7 70.6 65.4 64.2 65.2 65.5

Seg 68.3 73.1 74.8 76.1 77.1 73.0 752 76.0 76.7 74.4 75.2 75.0 75.4
Qwen2.5-72B  Para 72.8 76.3 78.1 76.8 78.0 76.2 76.5 78.0 77.6 77.2 78.1 77.7 76.5
Doc 72.7 77.3 79.3 80.3 79.7 759 77.9 78.7 78.0 75.6 76.8 76.2 75.5

Seg 58.7 67.4 68.1 684 68.5 68.2 69.8 69.6 69.9 66.2 65.8 65.4 65.3
Qwen3-32B Para 655 69.0 70.6 69.2 70.7 70.6 71.4 72.3 73.0 69.7 70.0 70.4 70.5
Doc 70.5 73.2 73.8 74.0 74.0 74.9 75.4 75.6 76.7 72.1 72.3 72.2 72.0

Table 19: MQM-FSP scores across four iterative general refinement rounds (s1—s4), starting from three initial
levels (Seg/Para/Doc) and refining toward segment-, paragraph-, or document-level outputs. Row-wise maxima are
underlined; the best score within each model block is in bold.
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Model Setting MQM Dim. step2 (Draft) step3 (Refined) step3(Proofread)
Overall 89.1 90.6 (+1.56) 90.5 (+1.42)
GPT-5.2 Step-by-step Accuracy 97.1 97.3 (+0.16) 97.5 (+0.40)
Fluency 93.6 95.3 (+1.74) 95.2 (+1.68)
Style+Term 95.9 96.3 (+0.41) 95.7 (-0.21)
Overall 83.9 85.6 (+1.68) 86.0 (+2.09)
GPT-40 Step-by-step Accuracy 95.9 96.4 (+0.52) 96.5 (+0.67)
Fluency 92.0 93.1 (+1.07) 92.7 (+0.69)
Style+Term 95.9 96.2 (+0.31) 96.1 (+0.15)
Overall 86.4 86.6 (+0.27) 87.1 (+0.68)
DeepSeek-V3-671B  Step-by-step Accuracy 95.0 94.7 (-0.28) 94.8 (-0.27)
Fluency 92.7 92.6 (-0.07) 92.1 (-0.61)
Style+Term 94.9 95.6 (+0.65) 96.2 (+1.29)
Overall 83.9 84.2 (+0.31) 84.1 (+0.21)
Qwen3-235B Step-by-step Accuracy 93.9 93.3 (-0.59) 93.3 (-0.55)
Fluency 90.7 92.0 (+1.30) 91.7 (+0.92)
Style+Term 95.6 95.7 (+0.01) 95.8 (+0.11)
Overall 68.5 66.3 (-2.22) 71.5 (+2.98)
Qwen3-32B Step-by-step Accuracy 88.4 88.1 (-0.34) 89.2 (+0.74)
Fluency 83.2 81.5(-1.64) 84.4 (+1.25)
Style+Term 92.2 92.0 (-0.21) 93.0 (+0.73)
Overall 76.5 78.1 (+1.61) 77.8 (+1.31)
Qwen2.5-72B Step-by-step Accuracy 92.3 91.8 (-0.53) 91.8 (-0.53)
Fluency 86.1 87.6 (+1.52) 87.4 (+1.29)
Style+Term 93.3 93.7 (+0.42) 94.2 (+0.97)
Overall 64.9 65.2 (+0.22) 69.2 (+4.30)
Qwen2.5-32B Step-by-step Accuracy 89.8 89.9 (+0.05) 90.7 (+0.83)
Fluency 79.6 80.5 (+0.90) 82.4 (+2.83)
Style+Term 90.5 90.9 (+0.34) 91.0 (+0.49)
Overall 61.2 64.5 (+3.31) 64.6 (+3.39)
Qwen2.5-14B Step-by-step Accuracy 85.0 84.8 (-0.15) 85.5 (+0.52)
Fluency 82.9 83.6 (+0.71) 83.6 (+0.67)
Style+Term 92.4 92.5 (+0.10) 92.6 (+0.23)

Table 20: Detailed performance of Step-by-step translation. We report MQM-FSP scores (higher is better) for
the Overall, Accuracy, Fluency, and Style+Term dimensions. Following Briakou et al. (2024), we use a 4-step
translation pipeline: stepl (research), step2 (drafting), step3 (refinement), and step4 (proofread). Note that overall
is not the average of dimension scores (see A.4 for details). Deltas are computed from the unrounded scores before
rounding for display, so they may not exactly match the difference between the rounded values shown in the table.
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Model Setting MQM Dim. Initial step1 step2 step3 step4

Overall 85.7 873 (+1.6) 89.7(+4.0) 89.8 (+4.1) 89.3 (+3.6)

General Accuracy 957 95.5(-0.2) 959 (+0.2) 958 (+0.1) 95.5(-0.2)
Fluency 93.4 942 (+0.8) 96.4(+3.0) 96.0 (+2.6) 96.0 (+2.6)

Style+Term 96.6 97.6 (+1.0) 97.6 (+0.9) 98.0 (+1.3) 97.8 (+1.2)

Overall 85.7 85.0(-0.7) 84.5(-1.2) 853(-0.3) 84.8(-0.8)

Monolingual Accuracy 95.7 93.0(-2.7) 92.1(-3.6) 92.7(-3.0) 91.9(-3.8)
Fluency 934 949 (+1.5) 94.7 (+1.3) 94.8 (+1.4) 95.4 (+2.0)

Style+Term 96.6 97.3 (+0.6) 97.8 (+1.2) 98.0 (+1.3) 97.5(+0.9)

Overall 85.7 88.4(+2.8) 89.7(+4.0) 89.1(+3.4) 89.2(+3.5)

DeepSeek-V3-671B  Eval-Refine Accuracy 957 96.0(+0.3) 96.4(+0.7) 96.0 (+0.3) 96.0 (+0.3)
Fluency 93.4 95.1 (+1.7) 95.6(+2.2) 954 (+2.0) 95.9 (+2.5)

Style+Term 96.6 97.4 (+0.8) 97.7 (+1.1) 97.8 (+1.1) 97.4(+0.7)

Overall 85.7 873 (+1.6) 88.2(+2.5) 88.0(+2.3) 88.0(+2.3)

ErrorSpec-Accuracy Accuracy 95.7 959 (+0.2) 96.6 (+0.9) 96.5 (+0.8) 96.7 (+1.0)
Fluency 93.4 945 (+1.1) 94.8(+1.4) 94.7 (+1.3) 94.7 (+1.3)

Style+Term 96.6 96.9 (+0.3) 97.0 (+0.4) 96.8 (+0.2) 96.6 (+0.0)

Overall 85.7 855(-0.2) 87.5(+19) 873 (+1.7) 87.7(+2.0)

ErrorSpec-Fluency Accuracy 95.7 94.8(-0.9) 96.1(+0.4) 954 (-0.3) 959 (+0.2)
Fluency 934 942 (+0.8) 94.8 (+1.4) 949 (+1.5) 95.0(+1.6)

Style+Term 96.6 96.6 (+0.0) 96.7 (+0.1) 97.1 (+0.5) 96.5 (+0.3)

Overall 83.0 84.0(+1.0) 84.5(+1.5) 852 (+2.2) 85.6(+2.6)

General Accuracy 95.1 94.0(-1.1) 94.1(-1.0) 94.7(-0.4) 94.7 (-0.4)
Fluency 91.1 927 (+1.7) 93.1(+2.0) 93.2(+2.1) 93.7 (+2.6)

Style+Term 96.8 97.3 (+0.4) 97.5(+0.6) 97.4(+0.5) 97.3 (+0.4)

Overall 83.0 83.9(+0.9) 83.6(+0.6) 84.6(+1.6) 849 (+1.9)

Monolingual Accuracy 95.1 929(-22) 92.0(3.1) 922(-29) 92.2(-2.9)
Fluency 91.1 93.7(+2.6) 93.8(+2.7) 94.8 (+3.7) 94.9 (+3.9)

Style+Term 96.8 97.4 (+0.6) 98.0 (+1.2) 97.6 (+0.8) 97.9 (+1.0)

Overall 83.0 82.4(-0.6) 85.8(+2.8) 84.8(+1.7) 86.5(+3.5)

Qwen3-235B Eval-Refine Accuracy 95.1 95.0(+0.0) 95.8(+0.7) 952 (+0.1) 95.7 (+0.6)
Fluency 91.1 91.4(+0.3) 93.5(4+2.4) 928 (+1.7) 94.3(+3.2)

Style+Term 96.8 96.0 (-0.8) 96.5(-0.3) 96.8 (+0.0) 96.6 (-0.2)

Overall 83.0 83.8(+0.8) 85.4(+2.4) 852(+2.2) 857 (+2.7)

ErrorSpec-Accuracy Accuracy 95.1 959 (+0.9) 959 (+0.8) 95.7(+0.7) 95.7 (+0.7)
Fluency 91.1 91.7(+0.6) 92.9(+1.9) 93.1 (+2.0) 93.4(+2.3)

Style+Term 96.8 96.2 (-0.6) 96.6 (-0.2) 96.5(-0.3) 96.6 (-0.2)

Overall 83.0 83.3(+0.3) 829(-0.1) 84.7(+1.7) 84.3(+1.3)

ErrorSpec-Fluency Accuracy 95.1 94.8(-0.3) 944 (-0.7) 954 (+0.3) 95.1(+0.0)
Fluency 91.1 92.0(+0.9) 91.8(+0.7) 93.0(+1.9) 92.7 (+1.6)

Style+Term 96.8 96.6 (-0.2) 96.8 (-0.1) 96.3 (-0.5) 96.6 (-0.2)

Table 21: Doc-MT — Seg-Refine performance of DeepSeek-V3-671B and Qwen3-235B under different strategy
settings. Each cell reports the absolute score; steps additionally show the change relative to the Initial output in
parentheses. Note that overall is not the average of dimension scores (see A.4). Deltas are computed from the
unrounded scores before rounding for display, so they may not exactly match the difference between the rounded
values shown in the table.
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Model Setting MQM Dim. Initial stepl step2 step3 step4

Overall 742 78.6 (+4.4) 79.8 (+5.6) 79.5(+5.3) 80.0 (+5.8)

General Accuracy 91.3 93.8(+2.5) 94.1(+2.8) 94.1 (+2.8) 94.2 (+2.8)
Fluency 88.3 89.3(+1.0) 90.0(+1.8) 89.6(+1.3) 90.0 (+1.7)

Style+Term 949 96.1 (+1.2) 96.0 (+1.1) 959 (+1.0) 96.1 (+1.2)

Overall 742 T71.8(-24) 73.0(-1.2) 71.1(-3.1) 70.2(-4.0)

Monolingual Accuracy 913 86.1(-52) 86.2(-5.1) 84.1(-7.3) 83.2(-8.1)
Fluency 88.3 90.1 (+1.8) 90.5(+2.3) 91.0(+2.7) 91.2(+2.9)

Style+Term 949 95.7 (+0.8) 96.6 (+1.7) 96.2 (+1.3) 95.9 (+1.0)

Overall 742 763 (+2.1) 76.6 (+2.4) 769 (+2.7) 76.8 (+2.6)

GPT-OSS-120B  Eval-Refine Accuracy 91.3 93.9(+2.6) 94.0(+2.7) 94.2(+2.9) 93.8(+2.4)
Fluency 88.3 87.4(-09) 87.7(-0.6) 88.1(-0.2) 87.83(-0.4)

Style+Term 949 95.1 (+0.3) 95.5(+0.6) 95.2 (+0.3) 95.5(+0.6)

Overall 742 754 (+1.4) 77.0(+2.8) 77.1(+2.9) 77.7(+3.5)

ErrorSpec-Accuracy Accuracy 91.3 93.6(+2.3) 93.9(+2.6) 94.4(+3.1) 94.8 (+3.4)
Fluency 88.3 87.1(-1.1) 88.2(-0.1) 88.2(-0.1) 88.9(+0.6)

Style+Term 949 949 (+0.0) 952 (+0.3) 94.6 (-0.3) 94.4(-0.5)

Overall 742  76.0 (+1.8) 762 (+2.0) 76.7 (+2.5) 77.2(+3.0)

ErrorSpec-Fluency Accuracy 91.3 927 (+1.4) 92.7(+1.4) 92.1(+0.8) 92.5(+1.2)
Fluency 88.3 87.9(-04) 87.8(-0.4) 88.8(+0.5) 88.4(+0.1)

Style+Term 949 95.5(+0.6) 95.7 (+0.8) 959 (+1.0) 96.4 (+1.5)

Overall 70.5 73.2(+2.6) 73.8(+3.3) 74.0(+34) 74.0(+3.4)

General Accuracy 91.2 91.4(+0.2) 909 (-0.4) 90.6 (-0.7) 90.6 (-0.6)
Fluency 86.0 88.0(+1.9) 884 (+2.4) 88.9(+2.9) 884 (+2.4)

Style+Term 93.3 939 (+0.6) 94.7 (+1.4) 94.6 (+1.3) 95.1 (+1.8)

Overall 70.5 69.8(-0.7) 68.5(-2.0) 68.2(-2.3) 68.7(-1.8)

Monolingual Accuracy 912 87.7(-35) 86.2(-5.1) 852(-6.0) 85.0(-6.3)
Fluency 86.0 87.9(+1.8) 88.2(+2.1) 88.8(+2.8) 88.3(+2.3)

Style+Term 93.3  94.3(+1.0) 94.2 (+0.9) 94.5(+1.2) 95.6 (+2.4)

Overall 70.5 73.0(+2.5) 76.4(+5.8) 75.6 (+5.1) 77.4(+6.9)

Qwen3-32B Eval-Refine Accuracy 91.2 924 (+1.1) 92.1(+0.8) 92.4 (+1.1) 924 (+1.1)
Fluency 86.0 86.4(+0.3) 89.3(+3.3) 88.3(+2.3) 89.3(+3.3)

Style+Term 93.3  94.5(+1.9) 952 (+1.9) 952 (+1.9) 95.9 (+2.6)

Overall 70.5 749 (+4.4) 749 (+4.3) T1.8 (+1.3) 73.4(+2.9)

ErrorSpec-Accuracy Accuracy 912 927 (+1.4) 92.5(+1.2) 92.7(+1.4) 929 (+1.6)
Fluency 86.0 87.7(+1.7) 86.9(+0.9) 85.0(-1.0) 86.3(+0.3)

Style+Term 933  94.6 (+1.3) 95.6 (+2.3) 94.2 (+1.0) 94.3 (+1.0)

Overall 70.5 70.3(-03) 71.2(+0.7) 719 (+1.4) 71.7(+1.2)

ErrorSpec-Fluency Accuracy 91.2 90.8(-0.5) 91.3(+0.1) 90.4 (-0.9) 90.5(-0.7)
Fluency 86.0 86.7(+0.7) 86.7(+0.8) 87.9(+1.9) 87.8(+1.8)

Style+Term 93.3  93.0(-0.3) 93.3(+0.0) 93.8(+0.5) 93.8 (+0.5)

Table 22: Doc-MT — Seg-Refine performance of GPT-OSS-120B and Qwen3-32B under different strategy settings.
Each cell reports the absolute score; steps additionally show the change relative to the Initial output in parentheses.
Note that overall is not the average of dimension scores (see A.4). Deltas are computed from the unrounded scores
before rounding for display, so they may not exactly match the difference between the rounded values shown in the
table.
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Model Setting MQM Dim. Initial stepl step2 step3 step4

Overall 64.8 65.1(+0.3) 66.9 (+2.0) 66.1 (+1.3) 67.6(+2.8)
General Accuracy  88.5 87.9(-0.7) 89.0 (+0.5) 88.2(-0.4) 89.7 (+1.1)
Fluency 83.8 83.8(+0.0) 84.0(+0.2) 83.9(+0.1) 83.7(-0.1)

Style+Term  92.8 93.8 (+1.0) 94.0 (+1.2) 943 (+1.5) 94.5 (+1.7)

Overall 64.8 61.2(-3.6) 59.4(-5.4) 592(-57) 56.4(-8.4)

Monolinguzl Accuracy  88.5 82.9(-5.6) 80.1(-8.4) 78.9(-9.7) 76.1(-12.4)
Fluency 83.8 854 (+1.6) 85.5(+1.7) 86.4(+2.6) 86.2(+2.3)

Style+Term  92.8 93.1 (+0.3) 94.0 (+1.3) 942 (+1.4) 94.6 (+1.8)

Overall 64.8  60.0(-4.9) 62.4(-24) 67.1(+22) 67.2(+2.4)

Qwen2.5-14B  Eval-Refine Accuracy  88.5 88.1(-0.5) 89.3(+0.7) 89.8 (+1.3) 89.5(+1.0)
Fluency 83.8 78.6(-5.2) 80.2(-3.6) 83.6(-0.2) 83.2(-0.6)

Style+Term  92.8 93.6 (+0.8) 933 (+0.5) 94.1 (+1.3) 94.8 (+2.0)

Overall 64.8 64.0(-0.9) 632(-1.6) 64.6(-0.3) 65.3(+0.5)
ErrorSpec-Accuracy ACCUracy  88.5  87.7(:09) 87.8(-07) 89.2(+0.6) 899 (+14)
Fluency 83.8 82.1(-1.7) 81.1(-2.8) 80.8(-3.0) 81.2(-2.6)

Style+Term  92.8 94.6 (+1.8) 95.0 (+2.2) 94.9 (+2.1) 94.6 (+1.8)

Overall 64.8 632(-1.6) 682 (+3.4) 653 (+0.4) 66.8(+2.0)

ErrorSpec-Fluency  ACCUracy  88.5 88.7(+02) 92.6(+4.0) 926 (+4.0) 924 (+3.8)
Fluency 83.8 80.6(-3.3) 79.9(-3.9) 76.7(-7.1) 78.7(-5.1)

Style+Term  92.8 94.0 (+1.5) 95.9 (+3.2) 963 (+3.8) 95.8 (+3.1)

Overall 64.4 708 (+6.4) 71.4(+7.0) 71.3 (+6.8) 70.5 (+6.1)

General Accuracy  90.2 91.0(+0.8) 91.0 (+0.8) 91.2(+0.9) 90.2 (+0.0)
Fluency 80.6 85.0(+4.4) 85.6(+5.0) 85.7(+5.2) 85.7 (+5.1)

Style+Term  93.6  95.1 (+1.5) 95.0 (+1.4) 94.5(+0.9) 94.8 (+1.2)

Overall 644 66.7(+2.3) 654 (+1.0) 66.1 (+1.6) 65.1 (+0.7)

Monolingual Accuracy 902 869 (-3.4) 84.7(-5.5) 85.6(-4.7) 82.6(-7.7)
Fluency 80.6 85.8(+5.2) 86.4(+5.9) 86.4(+5.9) 87.5(+7.0)

Style+Term  93.6  94.1 (+0.5) 94.3 (+0.6) 94.4 (+0.8) 95.1 (+1.4)

Overall 64.4 683 (+3.9) 72.0(+7.5) 723 (+7.9) 68.4 (+4.0)

Qwen2.5-32B  Eval-Refine Accuracy 902 91.6(+1.4) 92.0(+1.7) 92.3 (+2.1) 91.8 (+1.5)
Fluency 80.6 83.3(+2.8) 853 (+4.7) 85.4(+4.8) 82.9 (+2.3)

Style+Term  93.6  93.6 (+0.0) 94.7 (+1.1) 94.8 (+1.2) 94.2 (+0.6)

Overall 644  70.6 (+6.1) 71.4 (+7.0) 71.6 (+7.1) 68.8 (+4.4)
ErrorSpec-Accuracy  ACCuracy 902 921 (+1.9) 924 (+22) 929 (+2.6) 924 (+2.1)
Fluency 80.6 83.1(+2.5) 82.8(+2.2) 82.9(+2.3) 80.9 (+0.4)

Style+Term  93.6  95.7 (+2.0) 96.3 (+2.7) 962 (+2.5) 95.9 (+2.2)

Overall 64.4 738 (+9.3) 73.1(+8.7) 73.7(+9.3) 72.9 (+8.4)

ErrorSpec-Fluency  ACCuracy 902 93.1(+2.9) 93.6(+3.3) 93.8(+3.6) 93.7(+3.5)
Fluency 80.6 84.5(+3.9) 83.9(+3.3) 83.9(+34) 82.5(+1.9)

Style+Term 93.6 96.4 (4+2.8) 96.4 (+2.7) 96.3 (+2.6) 97.2(+3.6)

Table 23: Doc-MT — Seg-Refine performance of Qwen-2.5 models under different strategy settings. Each cell
reports the absolute score; steps additionally show the change relative to the Initial output in parentheses. Note that
overall is not the average of dimension scores (see A.4). Deltas are computed from the unrounded scores before
rounding for display, so they may not exactly match the difference between the rounded values shown in the table.
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