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Abstract

Human annotators typically assess translation
quality by considering the broader document
context, which allows them to detect errors aris-
ing from discourse-level phenomena that may
be missed when evaluating text segments in
isolation. However, the role of document-level
context in automatic Machine Translation (MT)
evaluation remains underexplored. In this work,
we present a controlled study of the impact of
document context on LLM-based MT evalu-
ation and its interaction with the availability
of manually curated references. We consider
several evaluation configurations, also explor-
ing how performance varies when enabling the
thinking inference mode and conducting task-
specific fine-tuning. Our results show that the
effect of document context differs substantially
across test sets, and that input repetition itself
can account for part of the apparent gains. Fine-
tuning improves performance consistently and
offers larger gains when document context is
available, suggesting that task-specific adapta-
tion may help models to handle document-level
context more effectively.

1 Introduction

Machine Translation (MT) evaluation involves as-
sessing the quality of translated text, and modern
automatic evaluators (hereafter, auto-evaluators)
are machine learning models designed to automate
this task.

Traditionally, most MT evaluation approaches
have relied on segment-level context, whereby text
segments' are evaluated in isolation, independently
of their surrounding context (Rei et al., 2020, 2022;
Kocmi and Federmann, 2023a,b; Juraska et al.,
2023, 2024; Guerreiro et al., 2024; Proietti et al.,
2026). However, the lack of document-level con-
text may prevent auto-evaluators from detecting er-
rors arising from discourse-level phenomena, such

'A segment may be a sentence or a multi-sentence unit
into which a longer document has been segmented.

as anaphora, i.e., the use of pronouns or other ex-
pressions that refer to earlier words; lexical cohe-
sion, i.e., consistency in the use of terminology,
synonyms, hyponyms, etc.; and ellipsis, i.e., the
omission of words that can be inferred from context
(Wong and Kit, 2012; Bawden et al., 2018).

In human evaluation, Laubli et al. (2018) com-
pared sentence-level and document-level evalua-
tion, asking annotators to assess either isolated
sentences or entire documents. They found that
document-level evaluation revealed differences in
translation quality that were less apparent at the
sentence level. Following this work, subsequent
editions of the Conference on Machine Translation
(WMT) have increasingly incorporated document
context into human evaluation, including proto-
cols in which annotators assess individual segments
while having access to the surrounding document
(Barrault et al., 2019, 2020; Akhbardeh et al., 2021;
Kocmi et al., 2022, 2023, 2024a, 2025).

In automatic evaluation, however, most ap-
proaches still operate using only segment-level
context. The lack of document context can be par-
tially mitigated by reference translations, which
provide additional target-language evidence that
may help resolve ambiguities in the source seg-
ment. However, reliance on reference translations
may bias evaluation toward translations that re-
semble the provided references, potentially com-
promising evaluation reliability, particularly when
human-curated references are of low quality (Fre-
itag et al., 2023). Furthermore, reference-based
auto-evaluators have a relatively narrow range
of applications, primarily the evaluation of MT
systems on benchmarks for which references are
available in advance. By contrast, reference-free
auto-evaluators support a much broader range of
applications, including data filtering and transla-
tion re-ranking (Freitag et al., 2022a; Fernandes
et al., 2022; Peter et al., 2023; Alves et al., 2024,
Ramos et al., 2024; Perrella et al., 2024a), and can
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also serve as objectives for reinforcement learning-
based fine-tuning of MT systems (Ramos et al.,
2024; Xu et al., 2024; Zheng et al., 2025).

This work investigates the effects of incorporat-
ing document context into LLM-based MT eval-
uation and its interaction with reference transla-
tions. Specifically, we benchmark LLMs with and
without thinking-enabled inference in the MT error
detection task, measuring their evaluation perfor-
mance with and without access to the full document
context, in the presence and absence of reference
translations. Finally, we explore the effects of fine-
tuning across all evaluation settings. We release the
code to reproduce our results at https://github.
com/SapienzaNLP/doc-context-mt-eval.

2 Related Work

2.1 Document-level MT Evaluation

Most popular MT auto-evaluators operate at the
segment level (Rei et al., 2020, 2022; Perrella et al.,
2022; Kocmi and Federmann, 2023a,b; Juraska
et al., 2023, 2024; Guerreiro et al., 2024).

Recent research has explored incorporating
longer contexts into MT evaluation (Vernikos et al.,
2022; Raunak et al., 2024; Wang et al., 2025;
Domhan and Zhu, 2025). Vernikos et al. (2022) and
Raunak et al. (2024) propose automatic procedures
that extend existing segment-level MT evaluators
to incorporate document context, while Wang et al.
(2025) extend existing metrics to score longer doc-
uments through segmentation and alignment. How-
ever, the architectures underlying these evaluators
have limited context windows — XLM-RoBERTa,
for example, is restricted to 512 tokens (Conneau
et al., 2020). Consequently, these approaches are
limited in the amount of document context their
underlying evaluators can process.

In contrast, Domhan and Zhu (2025) explore
document-level MT evaluation using LLMs as
judges, whose larger context windows make it pos-
sible to process substantially longer inputs. They
show that LLM-based MT evaluation is not length-
invariant, with automatic evaluators tending to de-
tect fewer error spans as input texts become longer.
Accordingly, their study focuses on mitigating eval-
uation degradation as input length increases, rather
than systematically isolating the contribution of
document context across evaluation settings with
and without manually curated references.

2.2 Reference-free MT Evaluation

Representative reference-free evaluation ap-
proaches include pre-trained transformer-based
models fine-tuned for reference-free evaluation,
such as COMET-QE (Rei et al., 2021), CometKiwi
(Rei et al., 2022), and MetricX-QE (Juraska et al.,
2023, 2024, 2025). COMET-QE and MetricX-QE
primarily perform score-level evaluation, while
CometKiwi additionally supports word-level
quality prediction. By contrast, MaTESe-QE
(Perrella et al., 2022) and xCOMET-QE (Guerreiro
et al., 2024) are fine-tuned for reference-free MT
error detection.

More recently, LLM-as-a-judge approaches
have shown their effectiveness in MT evalua-
tion: Kocmi and Federmann (2023a) introduced
GEMBA-MQM, a GPT-4-based (OpenAl et al.,
2024b) auto-evaluator designed to detect transla-
tion errors following the Multidimensional Quality
Metrics (MQM, Lommel et al., 2013; Freitag et al.,
2021) guidelines; similarly, Hrabal et al. (2025)
fine-tuned GPT-40-mini for MQM-based MT eval-
uation. Yeom et al. (2025) introduced Tagged Span
Annotation, an annotation scheme designed to bet-
ter extract span-level annotations from LLM re-
sponses. Juraska et al. (2025) fine-tuned Gemma 3
(Team et al., 2025) for span-level MT evaluation
using MQM annotations.

Reference-free evaluation enables many addi-
tional use cases for MT auto-evaluators. Despite
this, reference-free auto-evaluators still typically
underperform their reference-based counterparts
(Freitag et al., 2022b, 2023, 2024; Lavie et al.,
2025), suggesting that references provide useful
evaluation signals beyond those that models can
extract from the source sentence alone. It remains
unclear, however, whether document-level context
can compensate for the absence of references in
span-level MT evaluation.

3 Methodology

Two popular human evaluation protocols are Error
Span Annotation (ESA, Kocmi et al., 2024b) and
MQM. In WMT, both protocols present human an-
notators with consecutive segments from the same
document, which are evaluated in order. As a re-
sult, they produce segment-level evaluations, with
access to document-level context.

Our work explores document context in LLM-
based MT evaluation following the same principle:
when incorporating document-level information,
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we still prompt LLMs to evaluate one segment at a
time, but we explicitly instruct them to pay atten-
tion to the broader document context provided as in-
put. This design is also motivated by Domhan and
Zhu (2025), who recommend the Focus Sentence
Prompting (FSP) strategy to mitigate the tendency
of LLMs to detect fewer errors in longer inputs. In
FSP, they present the LLM with the full source and
translation documents, but prompt it to evaluate a
single sentence at a time, rather than evaluating the
translation of the whole document in a single pass.”
To investigate the impact of document context
and how it interacts with the presence or absence
of reference translations, we design four evalua-
tion scenarios, which we summarize in Table 1.
The SL-RF scenario serves as our baseline setting,
where the translation segment is evaluated in iso-
lation by comparing it against the corresponding
source segment. In SL-RB , the model is addition-
ally provided with the human reference translation.
The DL-RF scenario allows us to analyze the im-
pact of document-level context in the absence of
human references, by providing the correspond-
ing source and translation documents as context
for segment-level evaluation. Although the model
is still instructed to annotate only the translation
segment, the translation document is included to
expose target-side discourse phenomena, such as
inconsistent translations across segments. DL-RB
extends DL-RF by also including the human refer-
ence segment. This allows us to investigate whether
human reference translations and document context
provide complementary sources of information.
Lastly, document-level evaluation naturally re-
peats the source and translation segments, since
they appear both as part of the document context
and as the segments to be evaluated. Since pre-
liminary results suggest that repetition may affect
performance, we introduce an additional evaluation
scenario, which we refer to as SL-RF,p, , to disen-
tangle the effect of document-level context from
that of repeated inputs. In SL-RF,p, , the evalu-

ation is conducted exactly as in SL-RF, except

that the source and translation segments are each
presented twice in the input.

3.1 Error Detection

Approaches to automatic MT evaluation broadly
fall into two categories, depending on their gran-
2Unlike them, we evaluate a single segment rather than

a single sentence at a time, to align with the segment-level
annotations of our test sets (Section 4.1).

w/ doc w/ human

context references
SL-RF X X
SL-RB X v
DL-RF v X
DL-RB v v

Table 1: Different evaluation scenarios explored in
this work. “SL” and “DL” denote evaluation with
segment-level and document-level context, respectively,
while “RF” and “RB” stand for “reference-free” and
“reference-based”, respectively.

ularity: score-level and span-level. Score-level
evaluators assign a scalar quality score, which of-
fers limited interpretability (Perrella et al., 2024a),
as it conveys little information about the nature
of the translation errors. Instead, span-level MT
evaluation — also referred to as error detection — ad-
dresses this limitation by explicitly identifying the
spans that contain translation errors and, optionally,
assigning each error a category and severity level.
We therefore conduct our experiments at the span
level, instructing LLMs to identify translation er-
rors and classify them according to the MQM error
taxonomy and one of three severity levels: Minor
errors have a limited effect on meaning or read-
ability, Major errors substantially affect meaning
or readability, and Critical errors fundamentally

alter the meaning or prevent comprehension®.

3.1.1 Meta-Evaluation

We measure performance using the MPP (Match
with Partial overlap and Partial credit) measure*
recommended by Perrella et al. (2026). Given a
pair of predicted and ground-truth spans, MPP com-
putes precision and recall based on their proportion
of overlapping characters. These per-span preci-
sion and recall values are then aggregated into their
corpus-level counterparts used to compute the final
F'-score. We also extend MPP to incorporate error
severity using the severity weighting strategy illus-
trated below. MQM error categories, instead, do
not contribute to the MPP score, but we retain them
to preserve the standard MQM annotation format.

Severity Weighting As it stands, MPP measures
error detection performance irrespective of error
severity. In previous work, error severity was incor-

3 Although we ask our auto-evaluators to detect Critical
errors, these are mapped to Major errors during meta-
evaluation, because most test sets that we employ contain
annotations featuring only Minor and Major errors.

‘sted19/span-mt-metrics-eval
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Test Set  LP #docs #segs #spans  opam

#segs

EN—DE 60 6768 8173 121

WMT24  EN—ES 40 724 2796 039
JA—ZH 61 5936 4476 0.5

EN—KO 24 2574 6500 2.53

WMT2S | zm 38 3258 6008  1.84

Table 2: Number of evaluated documents, segments,
error spans, and average error spans per segment in the
WMT test sets employed in our experiments.

porated into span-level meta-evaluation measures
via the application of severity penalties (Blain et al.,
2023; Zerva et al., 2024; Lavie et al., 2025), which
discount the precision and recall obtained for errors
with mismatched severity. However, as noted by
Lyu et al. (2025) and Perrella et al. (2026), this strat-
egy only penalizes severity mismatches, but does
not take into account that predicting a Minor error
where there are no errors is less severe than predict-
ing a Major error in the same location. We address
this issue using a severity-based error weighting
scheme, rather than a severity penalty that only
applies to severity mismatches. Specifically, we
re-weight the contribution of Minor and Major er-
rors to precision and recall using weights 0.2 and
1, reflecting their relative weight of é in the MQM
protocol.” Formally, let us use the same notation as
Perrella et al. (2026): predicted and ground-truth
error spans are denoted by § and s, respectively,
whereas S and S are sets of predicted and ground-
truth error spans across an entire corpus. We define
the set of all one-to-one matchings between S and

S

M = {M C Sv % S vaes: |{s:(§,s)EM}|§1}

VseS: |{8:(8,s)eM }|<1

We then select M* € M as the matching that
maximizes the F'-score. Given a matched pair
(8,s) € M*, per-span precision and recall — based
on the proportion of overlapping characters — are
Pypp(8,s) and Rype(8, s), respectively. MPP de-
rives corpus-level precision and recall as follows:

Pupe = Z Pupe (3, 5)
| | (8,s)eM*

Rypp = RMPP 5 5
ERN

Unlike standard MPP, our severity-weighted ver-
sion rescales per-span precision and recall based

5In MQM, Minor and Major errors are assigned a penalty
of -1 and -5, respectively.

on the severity of the involved error spans before
aggregating them into corpus-level statistics:

Pypp(8,5) =
Rypp(8,5) =
where w($) and w(s) are the weights assigned to §

and s based on their severity. We compute the final
F-score from P}, and R}, defined as follows:

P, = Z P! (8,s)
MPP deé w( ) w52 MPP
1
Rll\/IPP = Zses ( Z RMPP

(8,s)eM*

In this way, correctly predicting a Minor error
contributes to precision and recall less than cor-
rectly predicting a Major one. Similarly, an un-
matched Minor prediction should be penalized less
than an unmatched Major prediction. Finally, as
with the severity penalties employed in previous
work, severity mismatches between overlapping
errors are penalized, because per-span precision
and recall are rescaled using the minimum of the
involved spans’ severity weights.

4 Experimental Setup
4.1 Data

We conduct our experiments on the test sets re-
leased at WMT24 (Kocmi et al., 2024a; Freitag
etal.,2024) and WMT?25 (Kocmi et al., 2025; Lavie
et al., 2025). These datasets contain annotations of
translation quality produced by annotators follow-
ing the MQM or ESA guidelines. We restrict our
experiments to the MQM splits of these two test
sets, as the MQM annotators employed in WMT
campaigns have been shown to identify more errors
than ESA annotators (Kocmi et al., 2024b), mak-
ing MQM data more suitable for error detection.
Furthermore, we found that more than half (63.0%
in WMT24 and 51.4% in WMT?25) of error-free
ESA translations were assigned final quality scores
lower than 100 (perfect score), suggesting that ESA
data might be noisier when used for span-level MT
evaluation, as opposed to score-based evaluation.
The WMT24 and WMT25 MQM test sets cover
four domains: literary, news, social, and speech.
We retain literary, news, and social data, while
excluding speech, for which document and segment
boundaries coincide and no additional document
context is therefore available beyond the evaluated
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Evaluation Scenarios

Repetition Control

Test set Model Think
SL-RF  SL-RB | DL-RF DL-RB SL-RFyep
Baseline
xCOMET-XL X 9.58 11.78 - - -
Owen3
WMT24 Qwen3-8B X 15.46 16.09 1598 16.34 17.26
EN—DE Qwen3-8B v 20.19 18.95 21.73 20.25 20.95
EN-—SES Qwen3-32B X 2097  20.11 22.41 20.83 22.69
IA—ZH Qwen3-32B v 23.21 20.87 24.54 21.86 23.62
Gemma-4
Gemma-4-E4B X 21.65 21.44 22.17 21.74 22.01
Gemma-4-E4B v 20.85  20.32 22.52 22.58 21.96
Owen3 Fine-tuned
Qwen3-8B-fine-tuned X 16.75 19.68 20.16 21.69 -
Baseline
xCOMET-XL X 12.93 15.40 - - -
Owen3
Qwen3-8B X 14.79 18.96 12.33 15.20 14.90
WMT25 Qwen3-8B v 14.60 19.63 10.95 14.70 13.74
EN—KO Qwen3-32B X 20.61 23.84 19.05 21.26 20.44
JA—ZH Qwen3-32B v 13.81 20.96 12.49 19.17 13.97
Gemma-4
Gemma-4-E4B X 17.02  21.01 11.28 12.97 13.95
Gemma-4-E4B v 13.15 18.09 11.21 13.77 12.82
Owen3 Fine-tuned
Qwen3-8B-fine-tuned X 17.36 19.12 17.61 18.74 -

Table 3: Weighted micro-averaged MPP F'-score on the WMT24 and WMT25 MQM test sets. The first four columns
report the main evaluation scenarios. The repetition control, SL-RF;ep, , repeats the evaluated source and translation

segments without adding document context. The “Think” column indicates whether thinking is enabled. The best
result per test set among the main evaluation scenarios is in bold, while the best result per model is underlined.

segment. We report statistics about the WMT test
sets and language pairs (LPs) employed in this
work in Table 2 and Appendix A.

4.2 Prompt Templates

The prompt templates used to implement the
different evaluation scenarios, including the
SL-RFyp, repetition control, are reported in Ap-
pendix B. All scenarios share the same system
prompt, error taxonomy, severity definitions, and
output format, differing only in their inputs and
scenario-specific instructions.

Following GemSpanEval (Juraska et al., 2025),
we also ask the model to return an extended span
containing surrounding context, which is used to
disambiguate repeated occurrences of the same
minimal span (e.g., when the same word or phrase
occurs multiple times in a segment). When a mini-
mal span occurs multiple times in the translation,
we use the corresponding extended span to disam-
biguate the intended occurrence before matching
predicted and ground-truth errors with MPP.

4.3 Models

Our auto-evaluators consist of three instruction-
tuned LLMs spanning two model families and dif-
ferent scales: Qwen3-8B, Qwen3-32B (Yang et al.,
2025), and Gemma-4-E4B (Team et al., 2026), with
context windows of 32K, 32K, and 128K, respec-
tively. Furthermore, all models support a hybrid
thinking strategy, meaning that they can operate
both in the standard non-thinking scenario and with
thinking enabled. This allows us to compare MT
error detection performance under standard and
thinking-enabled inference. Additional details, in-
cluding decoding parameters and thinking configu-
ration, are provided in Appendix C.

4.4 Fine-Tuning

To the best of our knowledge, previous fine-tuning
approaches for span-level MT evaluation have
largely focused on segment-level inputs. Recently,
Dombhan and Zhu (2025) explored fine-tuning GPT-
40 (OpenAl et al., 2024a) to conduct evaluation at
the segment, document, and multi-document lev-
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Figure 1: Average effect of adding document context on weighted MPP F'-score across language pairs and test
sets. “DL - SL (overall)” reports the difference between all configurations extended with document context and
segment-level configurations. Other entries of the legend correspond to the same effect, but computed across
configurations that share a fixed evaluation dimension, e.g., “DL - SL | RF” only includes reference-free evaluations.
All effects are computed across non-fine-tuned auto-evaluators, except for “DL - SL | Fine-tuned”, which isolates
the effect of document context across fine-tuned auto-evaluators. Error bars on the overall estimates indicate 95%
confidence intervals obtained with paired document-level bootstrap resampling. Full estimates and bootstrap details

are reported in Appendix F.

els. Instead, we investigate fine-tuning models to
exploit broader document context while evaluating
a fixed segment at a time.

Specifically, we fine-tune Qwen3-8B four times,
once for each of the four evaluation scenarios in
Table 1. For each scenario, training data are drawn
from the WMT22 and WMT23 MQM test sets and
comprise 89,480 examples across four language
pairs. Further details about our fine-tuning data and
experimental setup are available in Appendix D.
Notably, EN—DE is the only translation direction
shared between the training and evaluation sets.

5 Results

Table 3 reports the weighted MPP F'-score on the
WMT24 and WMT25 MQM test sets across mod-
els and evaluation scenarios,® while a breakdown of
per-language-pair results is provided in Tables 12
and 13 in Appendix E. We also report the perfor-
mance of XCOMET-XL (Guerreiro et al., 2024) to
contextualize absolute performance relative to an
existing span-level MT auto-evaluator. The best
overall configuration on WMT24 is DL-RF with
Qwen3-32B and thinking enabled (24.54), while
on WMT?2S5 the best result is achieved by SL-RB
with Qwen3-32B and thinking disabled (23.84).
Figure 1 summarizes the effect of document con-
text on weighted MPP F'-score for each language
pair and overall, across WMT24 and WMT?25, and
also reports the effect of document context while

As recommended by Perrella et al. (2026), we only
report MPP results micro-averaged across test set samples,
since macro-averaging was found to be biased toward auto-
evaluators that detect fewer error spans.

holding other evaluation dimensions fixed, namely
reference availability, thinking-enabled inference,
and task-specific fine-tuning. As shown in the fig-
ure, incorporating document context into the eval-
uation has mixed effects depending on the test set.
Specifically, on WMT24, most bars are positive,
suggesting that adding document context may im-
prove evaluation performance, whereas the oppo-
site pattern emerges on WMT25. Incorporating
document-level context improves weighted MPP
F-score for fine-tuned models across both test sets,
with the only exception of WMT25 JA—ZH, where
the effect is slightly negative. Moreover, we note
that, even on WMT24, the gains brought about by
document context for fine-tuned models are gen-
erally larger than those observed in the other eval-
uation scenarios. Lastly, we note that document
context is more beneficial — or, on WMT?25, less
detrimental — when manually curated references
are unavailable, suggesting that it may partially
compensate for their absence.

In the following sections, we examine these re-
sults in greater detail. We first provide an explana-
tion for why the effects are reversed across test sets
(Section 5.1), then investigate the impact of repeat-
ing the input segments twice in the prompt (Sec-
tion 5.2), and finally delve deeper into the perfor-
mance of our fine-tuned models (Section 5.3). Sec-
tion 6 then investigates how performance changes
with the amount of document context.

5.1 Understanding Test-Set Differences

We identify two main differences between the
WMT24 and WMT?25 test sets: (i) source docu-
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Figure 2: Document-context effect (DL — SL) by source
document length (top) and segment difficulty (bottom),
split into four per-language-pair quartiles.

ment length and (ii) source segment difficulty. Fur-
thermore, we show that not only document context
but also reference-based evaluation and thinking-
enabled inference have contrasting effects across
the two test sets.

The Impact of Source Document Length Doc-
uments and segments in WMT?25 are substantially
longer than those in WMT?24 (see Table 4 in Ap-
pendix A). The difference is particularly large for
EN—KO, whose source documents are about 2.6
times longer than those in WMT24 EN—ES and
EN—DE; WMT25 JA—ZH documents are about
1.7 times longer than their WMT?24 counterparts.

To study the role of document length, we tok-
enize the source documents using the Qwen3-32B
tokenizer and partition them into four per-language-
pair length quartiles based on token count. We then
compute the effect of document context within each
quartile. As shown in Figure 2, the two test sets
cover substantially different length ranges, with
even the shortest WMT25 documents being rela-
tively long compared with those in WMT24. In
both test sets, gains generally decrease with doc-
ument length, suggesting that longer documents
make context harder to exploit. However, on
WMT?25, document context is harmful even for
quartiles whose length ranges overlap with lengths
observed in some WMT24 documents, where doc-
ument context improves performance. Thus, while
longer inputs may make context harder to exploit,
document length alone does not fully explain the
difference between the two test sets.

The Impact of Source Segment Difficulty An-
other important distinction between the two test
sets is their sampling strategy. As reported
by Kocmi et al. (2025), WMT25 documents
were subsampled from a larger pool using the
sentinel-src-257 difficulty estimator (Proietti
et al., 2025), which builds on sentinel-src (Per-
rella et al., 2024b), to select more difficult doc-
uments for inclusion in the test set. In contrast,
documents in the WMT24 test set were randomly
sampled. We therefore examine whether the effect
of document context varies with source difficulty.
We apply sentinel-src-25 to all source segments
to quantify their difficulty, with higher scores in-
dicating easier segments. We then partition the
source segments into four per-language-pair diffi-
culty quartiles and compute the document-context
effect within each quartile.

As shown in Figure 2, the document-context ef-
fect decreases as source difficulty increases in both
test sets. As with document length, source diffi-
culty alone does not fully explain the differences
between the two test sets. Nonetheless, taken to-
gether, document length and source difficulty partly
explain the contrasting effect of document context
across WMT24 and WMT25.

The Effect of Human References From the re-
sults in Table 3 we calculate that human references
show a small negative overall effect on WMT24
(—0.42, 95% CI [—0.92, 0.10]) but a positive over-
all effect on WMT25 (+3.65, 95% CI [2.84, 4.64]).
On WMT?24, their effect is small or negative, par-
ticularly for EN—ES, where the reference quality
is lower (Freitag et al., 2024, Table 5). In contrast,
references substantially improve performance on
WMT?25, suggesting that they may be especially
useful on more difficult test sets, in line with Lavie
et al. (2025).

The Effect of Thinking In contrast to refer-
ence availability, thinking-enabled inference im-
proves performance on WMT24 (+1.89, 95% CI
[1.43,2.34]) but reduces it on WMT25 (—2.15,
95% CI [—3.07,—1.39]). This difference may arise
because thinking consistently reduces the number
of predicted error spans, which may be particularly
detrimental on WMT25, whose segments contain
more errors on average. Document context likewise
reduces the number of predicted spans, whereas
manually curated references increase it (Figure 5

"Prosho/sentinel-src-25
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in Appendix G). These effects on span counts may
partly explain the differing results across WMT24
and WMT?25.

5.2 Disentangling Document Context from
Input Repetition

As mentioned in Section 3, one important aspect
of settings with access to document context is that
the evaluated source and translation segments are
each presented to the model twice: once explic-
itly as the segments to be evaluated, and once as
part of their corresponding full documents. This
raises the question of whether the gains brought
about by document context on WMT?24 stem from
the models effectively leveraging the additional
context or, at least in part, from input repetition.
Indeed, Leviathan et al. (2025) show that repeating
the input prompt can improve performance across
seven benchmarks.

To investigate this, we include a repetition con-
trol scenario in Table 3, denoted SL-RFycp, , Which

uses the same prompt as SL-RF but presents both
the source and translation segments twice. Then,
we measure the effect of DL-RF - SL-RF¢p, , i.€.,
the benefit of adding document context in reference-
free scenarios over simply repeating the source and
translation segments in the input prompt, yield-
ing +0.14 (95% CI [—0.34,0.64]) on WMT24,
and —2.09 (95% CI [—2.56, —1.36]) on WMT25.
These results suggest that most of the gains brought
about by document context on WMT?24, especially
in the reference-free setting, may actually be due
to input repetition. On WMT?25, instead, the effect
of adding document context is already negative,
and these results further show that document con-
text decreases performance even compared with
input repetition. On WMT24, our results also align
with the pattern reported by Leviathan et al. (2025):
prompt repetition yields larger gains when think-
ing is disabled, while its effect is mostly neutral
to slightly positive when thinking is enabled. This
pattern, however, does not extend to WMT25.

5.3 Fine-Tuning MT Evaluation with
Document Context

As shown in Table 3, task-specific fine-tuning im-
proves performance across most evaluation scenar-
ios and test sets. Figure 3 further shows that these
gains are generally larger in document-level set-
tings. This finding is particularly relevant in light
of the results on the WMT?25 test set. As discussed
in previous sections, document-level context has a
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Figure 3: Impact of fine-tuning on weighted MPP F'-
score across evaluation scenarios, test sets, and language
pairs. Values report the difference between fine-tuned
Qwen3-8B and the corresponding base Qwen3-8B con-
figuration with thinking disabled. Positive values in-
dicate gains from fine-tuning, while negative values
indicate drops.

notably negative impact on WMT?25 performance
for the base models. Nonetheless, fine-tuning im-
proves performance in both document-level set-
tings ( DL-RF and DL-RB ), with larger gains than
in their segment-level counterparts ( SL-RF and
SL-RB ). Furthermore, despite SL-RB remaining
the strongest fine-tuned configuration on WMT?25,
fine-tuning substantially narrows the gap between
segment- and document-level evaluation: com-
pared with their segment-level counterparts, the
gains from fine-tuning are +2.71 points larger for
DL-RF (95% CI [1.28,4.05]) and +3.37 points
larger for DL-RB (95% CI [2.01, 4.93]). This sug-
gests that task-specific adaptation can help models
better handle the additional complexity introduced
by document-level inputs.

6 When Is Document Context Useful?

The results in Section 5.2 show that the appar-
ent advantage of document-level evaluation on
WMT?24 is largely explained by input repetition
rather than by the surrounding document context it-
self. Moreover, the analysis in Section 5.1 suggests
that longer and more difficult inputs may make doc-
ument context more difficult to exploit, leading to
performance degradation on WMT25. Nonetheless,
the fine-tuning results in Section 5.3 indicate that
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Figure 4: Average effect of adding preceding and follow-
ing context segments on weighted MPP F'-score, relative
to SL-RF,¢, . Curves show the mean across language

pairs within each test set; shaded bands indicate the
per-language-pair range.

document context can still provide a useful evalua-
tion signal. We therefore ask whether the broader
document context can be better exploited when the
amount of additional context is controlled.

To investigate this, we vary the number and
position of additional context segments provided
to Qwen3-32B, the strongest model in our exper-
iments, and measure weighted MPP F'-score as
preceding or following source and translation seg-
ments are added as context. All evaluations use the

DL-RF prompt template with thinking disabled.
We denote by N the number of additional context
segments. At N = 0, the DL-RF template re-
duces to the SL-RF;¢p scenario, where the source
and translation segments are presented twice. Thus,
N = ( serves as the baseline for measuring the con-
tribution of additional context. Figure 4 reports re-
sults aggregated across translation directions, while
a per-language-pair breakdown is provided in Ap-
pendix H. We also report DL-RF and SL-RF for
comparison.

On WMT?24, evaluation performance increases
when preceding segments are provided as addi-
tional context. However, the gains saturate quickly,
at roughly three preceding segments, beyond which

additional context leaves performance unchanged
or slightly degrades it. By contrast, following con-
text generally provides little or no benefit, with
performance tending to decrease as more context
is added. This result extends the findings of Sec-
tion 5.2: document context can improve evaluation
beyond the repetition effect, but the benefit is con-
centrated in a small amount of preceding context
and diminishes as more context is added.

On WMT?25, additional context provides no con-
sistent benefit and generally reduces performance.
We hypothesize that this stems from the considera-
tions discussed above: greater source difficulty and
longer inputs may make it more challenging for the
model to effectively leverage the additional con-
text on WMT?235, or even to handle repeated inputs.
Indeed, SL-RF;¢p slightly underperforms SL-RF

on this test set, and DL-RF performs substantially
worse than both.

7 Conclusion

This work investigates how document context af-
fects LLM-based span-level MT evaluation, find-
ing that its impact varies substantially across test
sets. On WMT?24, adding document context im-
proves evaluation performance, although most of
the benefit can be explained by the confounding
effect of input repetition. Nonetheless, we find that
providing only a small amount of preceding con-
text can yield benefits beyond those attributable to
input repetition and further improve performance.
On WMT?25, by contrast, both repetition and addi-
tional document context reduce performance. We
attribute these reversed effects to the longer and
more difficult-to-translate source texts in WMT?25.

Regarding the relationship between document
context and the availability of reference transla-
tions, document context appears to be more bene-
ficial when references are unavailable, suggesting
that it may partially compensate for their absence.

Lastly, we find that task-specific fine-tuning con-
sistently improves performance across both test
sets, with larger gains in document-level settings.
This suggests that task-specific adaptation may help
models handle document-level inputs more effec-
tively. We recommend that future work investigate
whether these fine-tuning gains extend to larger
models and broader evaluation settings, potentially
enabling state-of-the-art MT evaluation through
more effective use of document context.
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Limitations

Selection of Models Our study covers three
LLMs across two model families, spanning three
distinct model sizes. We selected these models be-
cause they are widely used and all support a hybrid
thinking strategy, allowing us to compare think-
ing and non-thinking performance using the same
models. Due to budget constraints, we were unable
to experiment with larger open-source models or
closed-source alternatives.

Selection of Translation Directions Our exper-
iments cover only four translation directions: En-
glish to German, English to Korean, English to
Spanish, and Japanese to Chinese. This selection
is constrained by the availability of MQM anno-
tations in the WMT24 and WMT?25 test sets. We
restrict our analysis to these two test sets, excluding
older MQM data to reduce the risk of evaluating on
material that may have been included in the LLMs’
pre-training corpora.

Fine-Tuning Scope Our fine-tuning experiments
are limited to Qwen3-8B, as their purpose is di-
agnostic. Our results suggest that document-level
information carries a meaningful signal and that
Qwen3-8B can learn to exploit it through task-
specific fine-tuning. In particular, fine-tuning
yields larger gains in document-level settings,
suggesting that task-specific adaptation helps the
model make more effective use of the additional
context. Whether these gains generalize to larger
models or other model families remains an open
question for future work.
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A Test Set Statistics

Table 4 provides character-level statistics on seg-
ment and document lengths for the WMT24 and
WMT?25 test sets. These statistics help contextu-
alize the discussion in Section 5.1, showing that
the two benchmarks differ substantially not only in
their language pairs, but also in their structure.

B Evaluation Prompts

Table 5 reports the unified prompt template used
across all main evaluation scenarios presented in
Section 3. The scenarios share the same system
prompt, error taxonomy, severity definitions, and
output format, while differing only in the input
fields and task instructions required by each setting.
Additionally, Table 6 reports the prompt template
used for the SL-RF,¢}, repetition control, presented
in Section 3 and discussed in Section 5.2. To im-
plement input repetition, the source segment and
its translation are presented twice before the task
instructions.

C Inference Configuration

We run the models described in Section 4.3 us-
ing vLLM (Kwon et al., 2023). For non-thinking
inference, we use greedy decoding. For thinking-
enabled inference, we first tried using greedy de-
coding as well, but noticed significant inconsis-
tencies in the models’ outputs. We therefore use
the sampling configurations recommended for each
model by their respective authors. Specifically,
Qwen3 uses temperature 0.6, top-p 0.95, and top-k
20, whereas Gemma-4-E4B uses temperature 1.0,
top-p 0.95, and top-k 64. We use a random seed of
42 for sampling.

D Fine-Tuning Setup

This appendix complements the fine-tuning exper-
iments presented in Section 5.3. Specifically, Ta-
bles 7 and 8 report general statistics and character-
length statistics for the training data, while Table 9
summarizes the training configuration.

We fine-tune the model separately for each eval-
uation scenario, using the same input structure and
output format as at inference time. We remove indi-
vidual examples where the segment coincides with
the entire document, normalize error categories,
and exclude all examples from domains not con-
sidered in our evaluation, i.e., domains in which
the evaluated segment coincides with the entire
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Testset  LP Stat.  Segment Length  Document Length
avg 154.2 2368.7

EN—DE std 158.5 1700.7

med 91.5 1843.5

max 886.0 5786.0

avg 186.4 2428.3

WMT24 ENSES std 177.9 1636.1
med 1145 1868.5

max 967.0 5667.0

avg 87.4 776.0

A ZH std 78.1 489.2

med 67.5 664.0

max 531.0 1701.0

avg 575.0 6233.5

EN—KO std 220.9 7138.9

med 620.0 4633.5

WMT25 max 1057.0 28560.0
avg 181.3 1313.8

A ZH std 139.3 2159.0

med 149.0 573.0

max 600.0 11272.0

Table 4: Character-length statistics for WMT24 and WMT2S5 test sets by language pair. Segment Length and
Document Length denote source-side segment- and document-level lengths in characters, computed over unique

segments and unique documents, respectively.

document. We then remove problematic annota-
tions in which the same error span occurs at least
five times, to prevent degenerate repetition during
generation. After preprocessing, the training set
contains 89,480 examples for each evaluation sce-
nario.

E Detailed Evaluation Results

This appendix provides additional results that com-
plement the aggregate weighted MPP F'-score re-
sults reported in Table 3 in Section 5. Specifically,
Tables 10 and 11 report weighted MPP precision
and recall scores, respectively. In addition, Ta-
bles 12 and 13 present weighted MPP F'-score bro-
ken down by language pair and evaluation scenario,
showing whether the main trends hold across trans-
lation directions.

F Bootstrap Analysis

We assess uncertainty in the marginal-effect esti-
mates presented in Section 5 using paired bootstrap
resampling (Koehn, 2004). For each test set, we
construct 10,000 bootstrap samples by resampling
documents with replacement within each language
pair, while keeping the original number of docu-
ments per language pair. Within each replicate, the
same resampled documents are used for all model
and evaluation configurations.

For each configuration, we recompute the
corpus-level severity-weighted MPP precision and
recall by summing the per-span numerators and
denominators over the resampled documents be-
fore taking their ratio. For each factor, we compare
configurations that differ only in that factor and
average the resulting differences. The fine-tuning
effect is computed for Qwen3-8B across the four
evaluation scenarios. The 95% confidence intervals
correspond to the 2.5th and 97.5th percentiles of
the resulting bootstrap distributions.

Table 14 reports the document-context estimates
and confidence intervals shown in Figure 1.

G Predicted Error Span Analysis

Figure 5 reports how document context, reference
availability, and thinking affect the number of pre-
dicted error spans per segment.

H Amount and Position of Additional
Context

This appendix provides the per-language-pair re-
sults for the analysis described in Section 6. Fig-
ures 6 and 7 show how performance varies as a
function of the size and position of the document
context provided to the model on WMT24 and
WMT?25, respectively.
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System prompt
You are an expert annotator tasked with evaluating the quality of machine translation.

User prompt

{source_lang} Full Source Document:

~~~{source_document} "~

{target_lang} Full Translation Document:
“~~{translation_document} ~"

{source_lang} Source Segment:
“~~{source_segment} "

{target_lang} Reference Segment:
~~~{reference_segment} "

{target_lang} Translation Segment:
“~~{translation_segment} "

You are given a source segment and its machine translation segment, enclosed in triple backticks. Your task is to identify and classify

the errors in the translation segment by comparing it to the source segment.

You are given a source segment, its human reference segment, and its machine translation segment, enclosed in triple backticks. Your

task is to identify and classify the errors in the translation segment by comparing it to the source segment and the reference segment.

You are given a source segment, its machine translation segment, and their corresponding full documents, enclosed in triple backticks.
Your task is to identify and classify the errors in the translation segment by comparing it to the source segment, while using the full

documents to resolve contextual ambiguities.

You are given a source segment, its human reference segment, its machine translation segment, and the corresponding full source and
translation documents, enclosed in triple backticks. Your task is to identify and classify the errors in the translation segment by
comparing it to the source segment and the reference segment, while using the full documents to resolve contextual ambiguities.

The categories and subcategories of errors are: accuracy (addition, mistranslation, omission, untranslated text), fluency (character
encoding, grammar, inconsistency, punctuation, register, spelling), locale convention (currency, date, name, telephone, or time format),
style (awkward), terminology (inappropriate for context, inconsistent use), non-translation, or other.

Each error is classified by severity:

- critical: completely changes the meaning or inhibits comprehension of the text.
- major: notably changes the meaning or disrupts readability.

- minor: slightly changes the meaning or affects readability.

For each error, provide:

1. The minimal error span: the smallest contiguous string in the translation that contains the error, without including surrounding
correct text.

2. The extended error span: the minimal error span extended by a few words before and after, taken directly from the translation
as they appear.

3. The error type (error category and subcategory).

4. The error severity (critical, major or minor).

Use this exact format in your final answer:

{
"errors": [
{
"minimal_span”: "<minimal span of text that contains the error>",
"extended_span”: "<extended span of text that contains the error>",
"type": "<error category>/<error subcategory>",
"severity"”: "<critical|major|minor>"
3
]
3

If no errors are found, return {"errors”: []}.

Table 5: Unified prompt template used across all main evaluation scenarios. Gray-shaded fields are included only
when required by the selected scenario: reference segments in RB settings, and source and translation documents
in DL settings. Colored instruction blocks correspond to the scenario-specific instructions for SL-RF , SL-RB ,

DL-RF , and DL-RB . All other prompt components, including the output format, error taxonomy, and severity
definitions, are shared across scenarios.

39268



System prompt
You are an expert annotator tasked with evaluating the quality of machine translation.
User prompt

{source_lang} Source Segment:
“~~{source_segment} "

{target_lang} Translation Segment:
“~~{translation_segment} "

{source_lang} Source Segment:
“*~{source_segment} "

{target_lang} Translation Segment:
s {translation_segment}" "~

You are given a source segment and its machine translation segment, enclosed in triple backticks.
Your task is to identify and classify the errors in the translation segment by comparing it to the source segment.

The categories and subcategories of errors are: accuracy (addition, mistranslation, omission, untranslated text), fluency (character
encoding, grammar, inconsistency, punctuation, register, spelling), locale convention (currency, date, name, telephone, or time format),
style (awkward), terminology (inappropriate for context, inconsistent use), non-translation, or other.

Each error is classified by severity:

- critical: completely changes the meaning or inhibits comprehension of the text.
- major: notably changes the meaning or disrupts readability.

- minor: slightly changes the meaning or affects readability.

For each error, provide:

1. The minimal error span: the smallest contiguous string in the translation that contains the error, without including surrounding
correct text.

2. The extended error span: the minimal error span extended by a few words before and after, taken directly from the translation

as they appear.

3. The error type (error category and subcategory).

4. The error severity (critical, major or minor).

Use this exact format in your final answer:

{
"errors”: [
{
"minimal_span”: "<minimal span of text that contains the error>",
"extended_span”: "<extended span of text that contains the error>",
"type": "<error category>/<error subcategory>",
"severity”: "<critical|major|minor>"
3
]
3

If no errors are found, return {"errors”: []}.

Table 6: Prompt template for SL-RF,., . It follows the same structure as SL-RF , but presents the source and
translation segments twice before the evaluation instructions.

Year LP #docs  #segs  #spans ’:qpéf

EN—DE 179 15406 14361  0.93
EN—RU 176 15065 21450 1.42

WMT22  oNzm 179 22487 30858 137
ZHOEN 185 25925 29987  1.16
wWhTys ENODE 83 3385 8186 2.42

ZH—EN 52 7212 16161  2.24

Table 7: Number of evaluated documents, segments, error spans, and average error spans per segment in the
fine-tuning training data (WMT22/WMT23), after pre-processing.
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Year LP Stat.  Segment Length  Document Length

avg 94.8 1099.0
EN—DE std 61.2 1001.9
med 80.0 690.0

max 519.0 4418.0

avg 94.8 1113.0

EN—SRU std 61.2 1004.6
med 80.0 703.5
WMT22 max 519.0 4418.0
avg 97.3 1099.0

EN—ZH std 60.3 1001.9
med 84.0 690.0

max 519.0 4418.0

avg 40.8 414.1
JHSEN std 31.7 4422
med 34.0 141.0

max 299.0 1729.0

avg 258.2 1154.8
EN—SDE std 258.0 1001.0
med 151.0 512.0
WMT23 max 1522.0 4316.0
avg 48.5 1099.5
JHSEN std 34.6 628.3
med 41.0 1032.5

max 275.0 3105.0

Table 8: Character-length statistics for the fine-tuning training data (WMT22/WMT23) by language pair. Segment
Length and Document Length denote source-side segment- and document-level lengths in characters, computed
over unique segments and unique documents, respectively.

Training Configuration Value
Learning rate 1x1074
Weight decay 0.01
Effective batch size 32

Mini batch size 8

Gradient accumulation steps 1

Number of nodes 1

GPUs per node 4
Epochs 1
Optimizer AdamW
LR scheduler Linear
Max sequence length 8,192
LoRA Configuration Value
Rank (1) 16
Alpha (o) 32
Dropout 0.05

Table 9: Fine-tuning configuration.
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Evaluation Scenarios

Test set Model Think
SL-RF SL-RB DL-RF DL-RB

Baseline

xCOMET-XL X 5.54 6.93 - -

QOwen3

Qwen3-8B X 10.14 9.75 10.56 10.32
gql\fsg Qwen3-8B v 17.03 12.92 20.44 15.26
EN-SES Qwen3-32B X 14.42 12.70 16.58 13.87
IA—7ZH Qwen3-32B v 20.97 14.18 25.31 15.53

Gemma-4

Gemma-4-E4B X 17.24 14.67 22.45 18.59

Gemma-4-E4B v 19.60 15.17 24.66 19.59

Owen3 Fine-tuned

Qwen3-8B-fine-tuned X 10.73 13.11 14.02 15.30

Baseline

xCOMET-XL X 8.78 11.17 - -

QOwen3

Qwen3-8B X 12.84 13.96 10.98 12.41
WMT25 Qwen3-8B v 21.31 20.04 24.46 21.83
EN—KO Qwen3-32B X 18.23 19.89 17.94 19.12
JA—ZH  Qwen3-32B v 25.35 23.01 30.23 23.87

Gemma-4

Gemma-4-E4B X 21.70 19.57 26.38 22.68

Gemma-4-E4B v 24.00 22.12 29.68 26.72

Qwen3 Fine-tuned

Qwen3-8B-fine-tuned X 11.79 14.10 14.98 17.03

Table 10: Weighted micro-averaged MPP precision on the WMT24 and WMT25 MQM test sets across different
models and evaluation scenarios. The “Think” column indicates whether the model was run with thinking enabled.
The best result per test set is in bold, while the best result per model is underlined.

WMT24

A Predicted spans per segment

< » o

o
& e w7

WMT25

A Predicted spans per segment

> o
& o o

BN DL-SL WM RB-RF WM Thinking - Non-Thinking

Figure 5: Average marginal effects on the number of predicted error spans per segment across language pairs and
test sets. Positive values indicate more predicted spans, while negative values indicate fewer.
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Evaluation Scenarios

Test set Model Think
SL-RF SL-RB DL-RF DL-RB

Baseline

xCOMET-XL X 35.47 39.04 - -

QOwen3

Qwen3-8B X 32.51 45.98 32.85 39.19
ghfsg Qwen3-8B v 24.78 35.53 23.20 30.08
EN-—SES Qwen3-32B X 38.38 48.32 34.53 41.80
IA—7H Qwen3-32B v 25.97 39.45 23.81 36.91

Gemma-4

Gemma-4-E4B X 29.09 39.77 21.91 26.17

Gemma-4-E4B v 22.27 30.78 20.72 26.64

QOwen3 Fine-tuned

Qwen3-8B-fine-tuned X 38.13 39.45 35.82 37.24

Baseline

xCOMET-XL X 24.52 24.78 - -

QOwen3

Qwen3-8B X 17.44 29.51 14.04 19.62
WMT25 Qwen3-8B v 11.11 19.23 7.05 11.09
EN—KO Qwen3-32B X 23.70 29.74 20.31 23.93
JA—ZH  Qwen3-32B v 9.49 19.24 7.87 16.01

Gemma-4

Gemma-4-E4B X 14.00 22.68 7.17 9.09

Gemma-4-E4B N 9.06 15.31 6.91 9.27

Owen3 Fine-tuned

Qwen3-8B-fine-tuned X 32.94 29.70 21.35 20.83

Table 11: Weighted micro-averaged MPP recall on the WMT24 and WMT25 MQM test sets across different models
and evaluation scenarios. The “Think” column indicates whether the model was run with thinking enabled. The best
result per test set is in bold, while the best result per model is underlined.
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Evaluation Scenarios

LP Model Think
SL-RF SL-RB DL-RF DL-RB
Baseline
xCOMET-XL X 15.63 17.59 - -
Owen3
Qwen3-8B X 17.48 19.20 17.65 18.19
Qwen3-8B v 20.34 21.22 21.08 21.13
EN—DE Qwen3-32B X 24.18 23.82 25.19 24.30
Qwen3-32B v 23.76 23.33 23.63 25.05
Gemma-4
Gemma-4-E4B X 21.83 23.59 21.21 22.07
Gemma-4-E4B v 20.43 22.06 21.22 23.25
Owen3 Fine-tuned
Qwen3-8B-fine-tuned X 22.32 24.46 25.86 25.95
Baseline
xCOMET-XL X 5.62 7.58 - -
Owen3
Qwen3-8B X 9.32 9.08 8.81 8.42
Qwen3-8B v 15.69 11.24 17.00 12.46
EN—ES  Qwen3-32B X 15.93 13.13 17.95 13.62
Qwen3-32B v 20.79 13.95 23.01 14.23
Gemma-4
Gemma-4-E4B X 16.89 13.32 17.74 14.39
Gemma-4-E4B v 18.23 13.66 20.88 16.59
Qwen3 Fine-tuned
Qwen3-8B-fine-tuned X 13.42 15.90 18.69 17.56
Baseline
xCOMET-XL X 9.88 12.08 - -
Owen3
Qwen3-8B X 18.25 18.53 20.46 21.17
Qwen3-8B v 22.50 22.46 24.66 25.02
JA—ZH  Qwen3-32B X 21.02 21.51 22.63 22.29
Qwen3-32B v 23.69 23.56 2591 24.40
Gemma-4
Gemma-4-E4B X 24.06 25.15 25.44 26.25
Gemma-4-E4B v 22.52 23.02 24.51 25.46
Owen3 Fine-tuned
Qwen3-8B-fine-tuned X 14.22 17.50 16.72 20.28

Table 12: Weighted micro-averaged MPP F'-score on the WMT?24 test set across different models and evaluation
scenarios. The “Think” column indicates whether the model was run with thinking enabled. The best result for each
language pair is shown in bold, while the best result for each model is underlined.
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Evaluation Scenarios

LP Model Think
SL-RF SL-RB DL-RF DL-RB
Baseline
xCOMET-XL X 8.76 10.03 - -
QOwen3
Qwen3-8B X 14.26 14.24 12.45 13.06
Qwen3-8B v 12.50 14.64 10.52 11.71
EN—KO Qwen3-32B X 17.36 19.31 15.32 17.22
Qwen3-32B v 13.10 16.67 11.24 16.13
Gemma-4
Gemma-4-E4B X 16.39 19.39 11.69 12.54
Gemma-4-E4B v 11.56 15.83 8.83 11.68
Owen3 Fine-tuned
Qwen3-8B-fine-tuned X 13.58 14.24 14.28 15.67
Baseline
xCOMET-XL X 15.33 18.73 - -
Owen3
Qwen3-8B X 14.66 22.62 11.02 16.97
Qwen3-8B v 15.92 22.75 11.20 16.50
JA—ZH  Qwen3-32B X 22.64 26.69 21.32 23.69
Qwen3-32B v 14.29 23.80 13.26 21.15
Gemma-4
Gemma-4-E4B X 17.37 22.12 11.00 13.11
Gemma-4-E4B v 14.03 19.51 12.44 14.94
Owen3 Fine-tuned
Qwen3-8B-fine-tuned X 18.82 21.33 19.30 20.65

Table 13: Weighted micro-averaged MPP F'-score on the WMT2S5 test set across different models and evaluation
scenarios. The “Think” column indicates whether the model was run with thinking enabled. The best result for each
language pair is shown in bold, while the best result for each model is underlined.

Test set  Effect A [95% CI]
WMT24 DL — SL (overall) +1.07 [0.65, 1.49]
DL — SL | RF +1.23[0.74, 1.74]
DL — SL | RB +0.92 [0.51, 1.31]
DL — SL | Non-Thinking +0.64 [0.19, 1.09]
DL — SL | Thinking +1.50 [1.03, 1.98]
DL — SL | Fine-tuned +2.87 [2.22, 3.54]
WMT25 DL — SL (overall) —3.44 [-3.96, —2.67]
DL — SL | RF ~2.82[-3.37, —1.97]
DL — SL | RB —4.07 [~4.68, —3.23]
DL — SL | Non-Thinking —3.97 [—4.56, —2.98]
DL — SL | Thinking —2.92 [-3.49, —2.26]
DL — SL | Fine-tuned +0.48 [-0.14, 1.13]

Table 14: Bootstrap estimates and 95% confidence intervals for the DL — SL (document-context) effect on weighted
MPP F-score, under each conditioning scenario in Figure 1.
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Figure 6: Effect of adding preceding and following context segments on weighted MPP F'-score, relative to
SL-RF;ep , across the WMT24 language pairs. "DL-src (P/F)" denotes the average source context length when

using preceding (P) or following (F) context, respectively.
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Figure 7: Effect of adding preceding and following context segments on weighted MPP F'-score, relative to
SL-RFrep, , across the WMT25 language pairs. "DL-src (P/F)" denotes the average source context length when
using preceding (P) or following (F) context, respectively.
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