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Abstract

Context-aware machine translation (MT) lever-
ages document-level information, yet it does
not consistently outperform sentence-level MT,
as contextual signals are unevenly beneficial
across sentences. Existing training objectives
do not explicitly model this variability, limiting
a model’s ability to adaptively exploit context.
In this paper, we propose Cross-Preference
Learning (CPL), a preference-based training
framework that explicitly captures the comple-
mentary benefits of sentence-level and context-
aware MT. CPL achieves this by integrating
both intra- and cross-condition preferences into
the preference optimization objective, provid-
ing explicit supervision to exploit informative
context while remaining robust to uninforma-
tive context. We validate the proposed ap-
proach on several public context-aware MT
tasks using multiple models, including Qwen3-
4B, Qwen3-8B, and Llama-3-8B-Instruct. Ex-
perimental results demonstrate consistent im-
provements in translation quality and robust-
ness across both input conditions, achieved
without any architectural modifications.

1 Introduction

Modern machine translation (MT) systems are in-
creasingly expected to operate under multiple input
conditions. In some scenarios, only a single source
sentence is available, while in others, additional
inter-sentence context can be provided to improve
translation quality (e.g., document-level or context-
aware MT) (Tiedemann and Scherrer, 2017; Maruf
et al., 2021; Appicharla et al., 2025). These two
settings, sentence-level and context-aware transla-
tion, share the same output space but are typically
handled by separate models and optimized inde-
pendently.
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Figure 1: Distribution of COMET differences be-
tween sentence-level (Sent) and context-aware (Ctx)
English–German translations produced by Qwen3-8B.

A key observation underlying our work is that
context-aware translation does not consistently out-
perform sentence-level translation. As illustrated in
Figure 1, context-aware models greatly outperform
sentence-level models for a subset of sentences, but
also slightly underperform, or even greatly under-
perform for a non-negligible portion of the data,
while performing on par in many cases. This dis-
tribution highlights that the two systems often pro-
duce diverse yet complementary translations rather
than one uniformly dominating the other (Voita
et al., 2018; Dong et al., 2025). Consistent with this
observation, Table 1 shows that the two systems
achieve comparable overall BLEU and COMET
scores, while the oracle results indicate substantial
headroom when the better output is selected on a
per-sentence basis. These findings highlight a key
limitation of existing approaches: current MT sys-
tems lack an explicit mechanism to decide when to
rely on context. Instead, models are trained under
a fixed input condition, implicitly assuming that
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Model BLEU COMET

Sentence-level 31.72 86.12
Context-aware 31.60 86.13
Oracle 33.91 87.17

Table 1: Overall English-to-German translation quality
of sentence-level and context-aware translation. Oracle
means we always select the better translation from the
two systems for each sentence.

more context is always beneficial. This leads to
suboptimal behavior when context is noisy, redun-
dant, or even misleading.1

Inspired by recent advances in preference opti-
mization, we cast the preference for using inter-
sentence context in translation as a preference opti-
mization problem, addressed via preference learn-
ing. However, existing methods such as direct pref-
erence optimization (DPO) (Rafailov et al., 2023),
contrastive preference optimization (CPO) (Xu
et al., 2024), and simple preference optimization
(SimPO) (Meng et al., 2024) focus on single-
condition settings, where preference comparisons
share the same input configuration. Consequently,
these approaches are not designed to account for
multiple input conditions sharing the same output
space but differ in available information.

To address this limitation, we propose Cross-
Preference Learning (CPL) built upon CPO. In ad-
dition to the intra-condition preference learning
in vanilla CPO, CPL introduces a cross-condition
preference optimization (Cross-CPO) to explicitly
model the interactions between the two conditions.
By ranking sentence-level and context-aware trans-
lations, CPL enables the model to learn a shared
preference structure across conditions, allowing
preference signals from one condition to influence
learning in the other. Importantly, CPL operates
entirely at the level of the training objective and re-
quires no architectural changes, and can be applied
to any shared-parameter translation system.

The main contributions in this paper can be sum-
marized as follows:

• We extend preference-based optimization to
jointly support sentence-level and context-aware
translation, providing a principled framework for
multi-task preference learning.

• We introduce CPL, which incorporates cross-
condition preference optimization to explicitly

1Additional analyses of context sensitivity and reranking
performance are provided in Appendix I and Appendix J.

model interactions between the two translation
conditions and better exploit informative context.

• We evaluate CPL on multiple document-level
MT tasks and show that a single trained model
performs robustly under both sentence-level and
context-aware settings, achieving significant im-
provements in translation quality.

2 Methodology

Figure 2 provides an overview of Cross-Preference
Learning (CPL). We first introduce the two trans-
lation settings in this work (Figure 2(a)) in Sec-
tion 2.1, then describe our proposed CPL (Fig-
ure 2(b)) in Section 2.2.

2.1 Sentence- and Context-Conditioned
Translation

We study a machine translation setting in which a
single model operates under two source-side input
conditions: sentence-level and context-aware trans-
lation. In the former, the model receives only a
source sentence x, while in the latter it additionally
receives source-side context c, such as neighboring
sentences within a document.

The model, parameterized by θ, defines two con-
ditional distributions over target sentences: pθ(y |
x) for sentence-level translation and pθ(y | x, c)
for context-aware translation. For each distribution,
we sample two candidates: {y1s , y2s } from pθ(y | x)
and {y1c , y2c} from pθ(y | x, c).

For each candidate pair, we construct prefer-
ence labels based on automatic evaluation. Tak-
ing sentence-level translation as an example, we
score each candidate using the average of sentence-
level COMET and document-level COMET (d-
COMET) (Vernikos et al., 2022) against the refer-
ence. The higher-scoring candidate is treated as the
preferred translation y+s , while the lower-scoring
one is treated as the dispreferred translation y−s .
We apply the same procedure to the context-aware
candidates to obtain the corresponding preference
pair (y+c , y−c ).

Since translations produced under the two con-
ditions are directly comparable, this setup enables
preference modeling both within and across con-
ditions. Our goal is to train a single model that
performs robustly under both settings.

2.2 Cross-Preference Learning
We first review preference-based optimization back-
ground (Section 2.2.1), then present intra- and
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Figure 2: Illustration of our approach.

cross-condition preference learning (Sections 2.2.2–
2.2.3), and finally the overall CPL objective (Sec-
tion 2.2.4).

2.2.1 Preference-Based Optimization
Background

Preference-based optimization trains models on
pairwise comparisons of candidate translations
rather than reference likelihood. For a preference
pair (y+, y−) and input x, the model is encouraged
to assign higher probability to y+. When context
is available, we treat x as (x, c) implicitly.

We adopt contrastive preference optimization
(CPO) (Xu et al., 2024). The intra-condition CPO
loss for a pair (y+, y−) is:

LCPO(x, y
+, y−) =

− log σ
[
β
(
log pθ(y

+ | x)− log pθ(y
− | x)

)]

− log pθ(y
+ | x),

(1)
where σ is the sigmoid function, β controls prefer-
ence separation.

2.2.2 Intra-Condition Preference Learning
We extend contrastive preference optimization
(CPO), originally formulated for a single input con-
dition, to the sentence- and context-conditioned
translation. This extension enables preference-
based optimization to be applied consistently
across the two related tasks within a shared-
parameter model.

CPO is applied independently to the selected
preference pairs for each condition: (y+s , y−s ) for
sentence-level translation under pθ(y | x), and
(y+c , y−c ) for context-aware translation under pθ(y |
x, c). Let Ps and Pc denote the selected sets of
sentence-level and context-aware preference pairs,
respectively. Intra-condition preference learning

minimizes the following objective:

Lintra(θ) = E(y+,y−)∼Ps

[
LCPO

(
x, y+, y−

) ]

+ E(y+,y−)∼Pc

[
LCPO

(
(x, c) , y+, y−

) ]
, (2)

where LCPO is the CPO loss defined in Eq. 1,
computed over sentence-level and context-aware
preference pairs, respectively.

The first expectation separates preferred and dis-
preferred candidates under the sentence-level dis-
tribution pθ(y | x), while the second does the same
under the context-aware distribution pθ(y | x, c).
Because the two terms share model parameters,
preference signals are learned jointly across both
input conditions.

The intra-condition loss Lintra(θ) enables effec-
tive preference-based learning within each trans-
lation condition while sharing model parameters
across both tasks. Appendix A presents the details
of preference pair selection for both Ps and Pc.

2.2.3 Cross-Condition Preference Learning
Intra-condition preference learning optimizes
sentence-level and context-aware translation in-
dependently, and therefore does not explicitly re-
late the two conditioned outputs. To exploit in-
teractions across conditions, we introduce cross-
condition preference learning, which directly com-
pares sentence-level and context-aware translations
for the same source sentence.

For each source sentence x with context c, we
identify the best translation y+w from four candi-
dates, i.e., (y+s , y−s ) and (y+c , y−c ). The input condi-
tion that produces y+w is defined as the winning con-
dition (w), while the other serves as the losing con-
dition (l), where w, l ∈ {s, c}. We denote the inputs
corresponding to the winning and losing conditions
as xw and xl, respectively, where xw, xl ∈ {xs, xc},
with xs = x denoting the sentence-level input and
xc = (x, c) denoting the context-aware input.
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Then we construct two cross-condition prefer-
ence pairs: (y+w , y+l ) and (y+w , y−l ). These pairs
encourage the model to consistently prefer the
winning-condition output over both strong and
weak outputs from the losing condition. For ex-
ample, if y+c is the best of the four candidates,
then w = c, l = s, y+w = y+c , xw = (x, c), and
xl = x; the two cross-condition pairs are (y+c , y+s )
and (y+c , y−s ).

Let Pcr denote the set of cross-condition prefer-
ence pairs. The cross-condition preference loss is
defined as:

Lcross(θ) (3)

=E(y+w ,y+l )∼Pcr
LC-CPO

(
{xw, xl}, y+w , y+l

)

+E(y+w ,y−l )∼Pcr
LC-CPO

(
{xw, xl}, y+w , y−l

)
.

The first expectation contrasts the globally best
candidate with the stronger candidate from the
other condition, yielding a fine-grained comparison.
The second contrasts it with the weaker candidate,
yielding a clearer preference relation with a larger
quality gap. The cross-CPO (C-CPO) loss used in
both expectations is defined as:

LC-CPO({xw, xl}, yw, yl) =

− log σ
[
β
(
log pθ(yw | xw)− log pθ(yl | xl)

)]

− log pθ(yw | xw).
(4)

As shown, cross-CPO adapts the standard CPO
objective to allow comparisons between transla-
tions generated under different conditioning signals
while preserving the contrastive learning objective.
Since both conditions use the same model and out-
put space, we argue that their likelihoods can be
compared directly. This is further supported by our
empirical analyses, which show closely aligned nor-
malized log-probability scales and consistent gains
from probability-based cross-condition reranking
(Appendices K and J), supporting the practical va-
lidity of this approach.

Overall, the cross-condition loss Lcross(θ) en-
courages the model to assign higher probability
to preferred translations across input conditions,
explicitly modeling interaction between sentence-
level and context-aware outputs. Appendix A
presents the details of preference pair selection for
Pcr.

2.2.4 CPL objective
CPL unifies intra- and cross-condition preference
signals into a single objective, jointly optimizing

sentence-level and context-aware translation under
different input conditions.

The CPL objective is defined as the sum of the
corresponding preference-based losses defined in
Eq. 2 and Eq. 3:

LCPL(θ) = Lintra(θ) + Lcross(θ). (5)

By jointly optimizing intra- and cross-condition
pairs, CPL enables a single model to perform ro-
bustly under both settings without architectural
changes.

3 Experimentation

3.1 Experimental Settings

Datasets. Following recent work, we use the
document-level parallel data from News Com-
mentary v18.1 released in WMT25,2 which con-
tains document boundary annotations. Our main
experiments cover six English-to-X directions
(En⇒De/Es/Fr/It/Nl/Ru) across all three back-
bones. We also evaluate Qwen3-8B on five X⇒En
directions (Es/Fr/Nl/Ru/Zh) from the same corpus,
and four IWSLT2017 directions (En⇒De/Zh/Fr
and Zh⇒En), whose spoken-language documents
exhibit stronger discourse dependencies.3 More
dataset details are provided in Appendix B.

Similar to Xu et al. (2024), we constructed a
small-scale dataset for the cold-start fine-tuning
stage. For each direction, we extract a contiguous
block of 20,000 sentences sequentially, ensuring
the availability of context for context-aware train-
ing. Specifically, for the context-aware samples,
we prepend the preceding source text, truncated to
the last 256 tokens (Lyu et al., 2024), as the input
context.

Following Xu et al. (2024) and Wang et al.
(2026a), we construct the preference pairs from
high-quality validation sets. In our setup, these
validation sets do not overlap with any test set.
For each source sentence in the validation sets,
the jointly fine-tuned model generates two candi-
dates per input condition, using greedy decoding
and sampling at temperature 0.7, respectively. Ap-
pendix B shows the statistics of datasets used for
CPL learning and the preference pairs used.

2https://www2.statmt.org/wmt25/
translation-task.html

3https://huggingface.co/datasets/IWSLT/
iwslt2017/tree/main/data
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Sent CTX Sent CTX Sent CTX Sent CTX Sent CTX Sent CTX Sent CTX

1 Sent-Level 82.51 - 84.91 - 83.13 - 86.94 - 82.71 - 83.12 - 83.89 -
2 Sent-Leveltuned 84.41 - 86.88 - 84.62 - 87.97 - 84.88 - 84.58 - 85.56 -
3 Sent-LevelCPO 85.14 - 87.43 - 85.18 - 88.66 - 85.88 - 86.19 - 86.41 -
4 Ctx-Aware - 83.25 - 86.98 - 84.47 - 87.81 - 83.47 - 83.86 - 84.97
5 Ctx-Awaretuned - 84.31 - 86.85 - 84.64 - 88.01 - 84.85 - 84.86 - 85.59
6 Ctx-AwareCPO - 85.38 - 87.56 - 85.32 - 88.78 - 85.91 - 86.20 - 86.52
7 Sent+Ctxtuned 84.66 84.79 87.07 87.02 84.60 84.61 88.18 88.27 85.16 85.08 85.04 84.95 85.79 85.79
8 Sent+Ctxtuned+ 84.58 84.60 87.11 87.12 84.74 84.78 88.39 88.39 85.31 85.32 84.88 84.83 85.84 85.84
9 CPL (Ours) 85.92 85.91 87.75 87.86 85.84 85.82 89.08 89.06 86.52 86.57 86.50 86.56 86.94 86.96
10 - IntraLoss 85.53 85.53 87.63 87.63 85.56 85.52 88.92 88.95 86.20 86.21 86.09 85.97 86.66 86.64
11 - CrossLoss 85.58 85.66 87.59 87.73 85.54 85.66 88.81 88.91 86.46 86.46 86.41 86.49 86.73 86.82

1 Sent-Level 85.13 - 87.59 - 85.25 - 88.70 - 85.93 - 85.76 - 86.39 -
2 Sent-Leveltuned 86.12 - 87.73 - 85.82 - 89.12 - 87.07 - 86.34 - 87.03 -
3 Sent-LevelCPO 86.26 - 88.20 - 86.14 - 89.44 - 87.67 - 87.33 - 87.51 -
4 Ctx-Aware - 85.05 - 87.72 - 85.35 - 88.75 - 86.09 - 85.59 - 86.43
5 Ctx-Awaretuned - 86.13 - 87.78 - 85.80 - 88.99 - 87.11 - 86.39 - 87.03
6 Ctx-AwareCPO - 86.54 - 88.29 - 86.26 - 89.47 - 87.60 - 87.32 - 87.58
7 Sent+Ctxtuned 86.14 86.24 87.82 87.86 85.71 85.78 89.16 89.22 87.30 87.33 86.51 86.47 87.11 87.15
8 Sent+Ctxtuned+ 86.24 86.34 87.81 87.94 85.80 85.89 89.25 89.23 87.31 87.47 86.46 86.29 87.15 87.19
9 CPL (Ours) 87.19 87.23 88.47 88.51 86.56 86.63 89.81 89.99 88.22 88.28 87.71 87.75 87.99 88.06
10 - IntraLoss 86.85 86.85 88.34 88.35 86.38 86.34 89.68 89.67 87.86 87.83 87.41 87.26 87.75 87.72
11 - CrossLoss 86.88 87.00 88.33 88.39 86.39 86.54 89.74 89.74 87.97 87.99 87.35 87.43 87.78 87.85

1 Sent-Level 82.72 - 84.40 - 83.07 - 86.11 - 85.20 - 82.15 - 83.94 -
2 Sent-Leveltuned 86.00 - 87.59 - 85.44 - 88.99 - 88.22 - 85.82 - 87.01 -
3 Sent-LevelCPO 86.49 - 88.10 - 85.92 - 89.55 - 88.63 - 86.71 - 87.57 -
4 Ctx-Aware - 51.33 - 56.62 - 50.41 - 58.05 - 53.51 - 53.05 - 53.83
5 Ctx-Awaretuned - 86.10 - 87.67 - 85.54 - 89.10 - 88.28 - 85.89 - 87.10
6 Ctx-AwareCPO - 86.72 - 88.15 - 86.19 - 89.56 - 88.69 - 86.77 - 87.68
7 Sent+Ctxtuned 86.42 86.56 87.84 87.85 85.76 85.85 89.28 89.31 88.61 88.62 86.40 86.17 87.39 87.39
8 Sent+Ctxtuned+ 86.43 86.51 87.92 87.93 85.95 85.97 89.42 89.37 88.74 88.75 86.26 86.23 87.45 87.46
9 CPL (Ours) 87.09 87.19 88.43 88.45 86.60 86.65 89.82 89.85 88.93 89.00 87.42 87.43 88.05 88.10
10 - IntraLoss 87.00 87.03 88.29 88.32 86.44 86.47 89.69 89.77 88.79 88.79 87.16 86.94 87.90 87.89
11 - CrossLoss 86.98 87.11 88.17 88.16 86.41 86.42 89.69 89.71 88.94 88.95 87.35 87.39 87.92 87.96

# Model
En ⇒ De En ⇒ Es En ⇒ Fr En ⇒ It En ⇒ Nl En ⇒ Ru Average

Qwen3-4B

Qwen3-8B

Llama-3-8B-Instruct

Table 2: Performance comparison on COMET. Best and second-best scores are highlighted in dark red and
light red . Sent and CTX denote sentence-level input (x) and context-aware input (x and context c) during inference.

Models and Settings. We select Qwen3-
4B4 (Yang et al., 2025), Qwen3-8B5 and Meta
Llama-3-8B-Instruct6 (AI@Meta, 2024) as the
foundation open-source LLMs. For detailed fine-
tuning and hyper-parameter settings, please refer
to Appendix C.
Baselines. We compare our approach against the
following baselines:

• Sent-Level. The base LLM translates each sen-
tence independently. Sent-Leveltuned is fine-
tuned on sentence-level data. We additionally
apply CPO to this model using sentence-level
preference pairs, yielding Sent-LevelCPO.

• Ctx-Aware. The base LLM translates using
the current sentence and its preceding context.
Ctx-Awaretuned is fine-tuned on context-aware
data. Similarly, Ctx-AwareCPO applies CPO
with context-aware preference pairs.

4https://huggingface.co/Qwen/Qwen3-4B
5https://huggingface.co/Qwen/Qwen3-8B
6https://huggingface.co/meta-llama/

Meta-Llama-3-8B-Instruct

• Sent+Ctxtuned. A naive multi-condition base-
line jointly fine-tuned on both sentence-level
and context-aware data using standard likelihood
training. Sent+Ctxtuned+ further incorporates the
dataset used for extracting CPL preference pairs
during fine-tuning.

Note that, for fair comparison, Sent+Ctxtuned+,
Sent-LevelCPO, and Ctx-AwareCPO all use the same
additional data (i.e., the validation sets) as CPL.
Both Sent+Ctxtuned and CPL support two input con-
ditions at inference time: (i) sentence-level transla-
tion with input x, and (ii) context-aware translation
with input (x, c). Detailed prompt templates are
provided in Appendix O, and the inference cost is
reported in Appendix P.
Metrics. We primarily report sentence-level
COMET scores (Rei et al., 2020). Specif-
ically, we use the reference-based metric
wmt22-comet-da (Rei et al., 2022a). In addition,
we report supplementary evaluation metrics,
including sentence-level BLEU (s-BLEU) (Post,
2018) and document-level COMET (d-COMET),
in Appendix D. Since our model and most base-
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lines support both input conditions, we evaluate
and report performance for both sentence-level
(Sent) and context-aware (CTX) translation.

3.2 Main Results

Table 2 reports the results on En-to-X translation di-
rections from News Commentary. Results for other
translation directions are provided in Appendix E
and Appendix F. Across all models and training set-
tings, sentence-level and context-aware translations
(#2 vs. #5) achieve very similar COMET scores,
suggesting that document-level context does not
consistently improve average translation quality.
Similar observations have been reported in prior
work, where contextual benefits are often sparse
and localized (Dong et al., 2025; Lyu et al., 2024).
This motivates CPL: we aim to learn preference sig-
nals that better exploit informative context. Based
on Table 2, we further observe:

• Effect of fine-tuning and joint training.
Among the baselines, fine-tuned LLMs con-
sistently outperform their untuned counterparts
(e.g., #2 vs. #1 and #5 vs. #4). Joint fine-tuning
on both sentence- and context-conditioned data
further improves both tasks (#7 vs. #2 and #7
vs. #5). For example, with Llama-3-8B-Instruct,
joint training yields average COMET gains of
0.38 and 0.29 over individually fine-tuned mod-
els, indicating that we establish a strong and com-
petitive baseline.

• Impact of incorporating additional training
data. Adding the CPL data during joint fine-
tuning (Sent+Ctxtuned+, #8) yields only marginal
gains, suggesting that performance gains are not
simply due to more data, but require more effec-
tive learning signals. In contrast, applying CPO
with the same data, both Sent-LevelCPO (#3) and
Ctx-AwareCPO (#6) achieve larger improvement
for both sentence-level and context-aware trans-
lation, respectively. This highlights the value of
preference-based learning.

• Effectiveness of CPL. Compared with all
baselines, CPL (#9) achieves substantial im-
provements. Notably, when compared to
Sent+Ctxtuned+ (#8), which leverages the same
training data, CPL yields consistent gains for
both sentence-level and context-aware trans-
lation. For instance, CPL improves average
COMET by 1.10/1.12, 0.84/0.87, and 0.60/0.64

for sentence-level/context-aware translation us-
ing Qwen3-4B, Qwen3-8B, and Llama-3-8B-
Instruct, respectively. This highlights the effec-
tiveness of Cross-Preference Learning beyond
conventional fine-tuning. Moreover, CPL (#9)
outperforms the two other strong baselines Sent-
LevelCPO (#3) and Ctx-AwareCPO (#6) which are
augmented with preference learning on the same
training data.

• Ablation studies. Ablation results (#9 vs. #10
vs. #11) show that both intra-condition loss and
cross-condition loss contribute to CPL’s perfor-
mance. Removing either component degrades
performance, with intra-condition loss having a
slightly larger impact, indicating its complemen-
tary role in stabilizing preference learning.

• Consistency across model scales. Finally,
the observed performance trends are consistent
across all three LLM backbones, suggesting that
CPL is robust and model-agnostic, and can be
effectively applied to different pretrained models.

4 Discussion

In this section, we use Qwen3-8B as the founda-
tion model to discuss our approach. Unless other-
wise specified, we report the average sentence-level
COMET scores across all six translation tasks. Ad-
ditional analyses, including the effects of context
length, human evaluation, and case studies, are
provided in Appendix G–M.

4.1 Can CPL Better Exploit Informative
Context?

We examine whether CPL can exploit useful con-
text while remaining robust to noisy context. Using
the En⇒De test set from News Commentary, we
ask GPT-5 (GPT-5-2025-08-07) (OpenAI, 2025)
to label whether the source-side context is help-
ful for translating each sentence. We retain 696
out of 5,967 sentences labeled as High, indicating
that context is highly necessary for accurate trans-
lation.7 We further evaluate on the En⇒De test
set from IWSLT, where discourse dependencies
are generally stronger, selecting 2,183 out of 8,079
sentences using the same procedure.

Table 3 shows that when the original context is
used (Ctx-gold), context-aware CPL consistently
outperforms sentence-level CPL by 0.21 and 0.64
d-COMET on the two test sets, suggesting that

7See Appendix N for labeling details.
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Dataset Sent Ctx-gold Ctx-random

NewsCommentary 82.50 82.71 82.52
IWSLT 78.06 78.70 78.02

Table 3: Performance (document-level COMET) on
sentences with useful context. Ctx-random replaces the
original context with randomly sampled one.

the model effectively leverages informative con-
text. When the context is replaced with randomly
sampled sentences from other documents (Ctx-
random), context-aware CPL performs nearly iden-
tically to sentence-level translation. This trend is
consistent across both datasets and is more pro-
nounced on IWSLT, where contextual dependen-
cies are stronger. Overall, the results suggest that
CPL can benefit from useful context while remain-
ing robust to noisy context.

4.2 Analysis with Additional Quality Metrics

Beyond BLEU and COMET, we evaluate CPL us-
ing complementary metrics targeting discourse co-
herence, faithfulness, and fluency, which are partic-
ularly important for context-aware translation.

Following Li et al. (2023) and Dong et al. (2025),
we measure discourse coherence (Coh.) using co-
sine similarity between neighboring sentence em-
beddings from SimCSE (Gao et al., 2021). Higher
scores indicate better consistency across sentence
boundaries. For faithfulness, we report ALTI+ (Fer-
rando et al., 2022), which uses a pretrained NLLB
model to detect under-translation and hallucina-
tion.8 Higher ALTI+ scores correspond to fewer
faithfulness issues. Finally, we follow Sun et al.
(2025b) and evaluate translation fluency using GPT-
5 (GPT-5-2025-08-07) (OpenAI, 2025) as an exter-
nal judge.9 Among them, Coh. and Fluency are
document-level metrics requiring document-level
context.

Table 4 shows that Sent+Ctxtuned improves co-
herence, faithfulness, and fluency over the base
model, indicating more effective use of document
context. CPL further achieves the best performance
across all metrics, with higher discourse coherence,
fewer faithfulness issues as measured by ALTI+,
and improved fluency. These consistent gains sug-
gest that CPL enhances translation quality beyond

8https://facebookresearch.github.io/stopes/
docs/eval/alti

9Due to the high API cost of fluency evaluation (about
$50 per direction), we report averaged results on En⇒De and
En⇒Ru only.

Model Coh. ↑ ALTI+ ↑ Fluency ↑
Qwen3-8B 73.28 54.49 3.81
Sent+Ctxtuned 74.78 54.67 3.90
CPL (ours) 75.24 54.90 4.04

Table 4: Additional quality analysis using coherence
(Coh.), ALTI+, and GPT-based fluency.

Model Entity Tense Pronoun DM BlonD-D

Qwen3-8B 61.71 65.44 74.41 58.01 64.66
Sent+Ctxtuned 77.46 77.10 82.24 76.76 78.35
CPL (ours) 78.22 77.24 82.38 76.99 78.67

Table 5: Average BlonD-D scores on News Commentary
X⇒En tasks with context-aware translation.

standard COMET evaluation.
To further evaluate discourse-specific phenom-

ena, we additionally report BlonD-D (Jiang et al.,
2022), the discourse component of BlonDe, which
aggregates category-level scores over entities,
tense, pronouns, and discourse markers (DM).
Since the BlonDe toolkit10 currently supports only
X⇒En translation directions, we report averages
for Qwen3-8B-based systems with context-aware
input on the News Commentary X⇒En tasks.

Table 5 shows that CPL outperforms
Sent+Ctxtuned across every evaluated dis-
course phenomenon, suggesting improved use of
contextual information beyond COMET-based
evaluation.

4.3 Evaluation with GPT-as-Judge

To obtain a complementary quality assessment be-
yond automatic metrics, we conduct an evaluation
using GPT-as-Judge. We randomly sample 1,200
sentences from the test set. For each instance, we
provide GPT-5 with the source sentence, its source-
side context, and the reference translation. We then
present four candidate translations in random or-
der: the sentence-level and context-aware outputs
from both Sent+Ctxtuned and CPL (i.e., systems
#7 and #9 in Table 2). The order of candidates is
randomized to mitigate positional bias.

GPT-5 is asked to score each translation along
four dimensions: contextual coherence, fluency,
faithfulness, and terminology expression, each on
a 0-25 scale, with the overall score computed as
their sum. The evaluation prompt is provided in
Figure 10 in Appendix L. We report the average
overall scores across all evaluated sentences.

10https://github.com/EleanorJiang/BlonDe
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Model Sent CTX

Sent+Ctxtuned 85.74 86.31
CPL 87.73 87.89

Table 6: Evaluation results of GPT-as-Judge.

As shown in Table 6, CPL consistently outper-
forms Sent+Ctxtuned under both sentence-level and
context-aware settings, with gains of +1.99 and
+1.58, respectively. These improvements indicate
that CPL enhances translation quality across mul-
tiple dimensions. Importantly, the gains are ob-
served under both input conditions, suggesting that
CPL provides overall quality improvements rather
than benefiting only from traditional automatic met-
rics. Furthermore, the context-aware variant of
CPL slightly outperforms its sentence-level coun-
terpart, achieving the highest overall score. At the
instance level, the context-aware CPL produces
the best translation for 30.0% of the evaluated sen-
tences, compared to 26.8% for sentence-level CPL.

Appendix H (Study 2) presents a human evalua-
tion on 200 randomly sampled test cases, validat-
ing the reliability of the GPT-as-Judge evaluation
framework.

4.4 Effect of Preference Selection Metrics

Cross-Preference Learning relies on ranking can-
didate translations to construct informative intra-
condition and cross-condition preference pairs. By
default, we use the average of document-level
COMET (d-COMET) and sentence-level COMET
(s-COMET) as the selection metric. To assess
the sensitivity of CPL to this design choice, we
compare several alternatives, including d-COMET
alone, s-COMET alone, and BLEU (Post, 2018).

Table 7 shows the performance. Among the
COMET-based variants, performance differences
are negligible, indicating that CPL is robust to dif-
ferent granularities of COMET scoring. In con-
trast, using BLEU as the selection metric leads to
a noticeable performance drop. This is expected,
as BLEU relies on surface-level n-gram overlap
and is less aligned with semantic adequacy and
discourse-level quality, which are crucial for select-
ing informative preference pairs.

Because COMET-style metrics are used for both
preference construction and primary evaluation,
some metric alignment is unavoidable. We mit-
igate this concern with independent GPT-as-Judge
(Section 4.3) and human evaluations (Study 2 in

Metric Used Sent CTX

BLEU 86.96 87.16
d-COMET 87.97 87.98
s-COMET 87.97 88.03
(d- + s-COMET)/2 87.99 88.06

Table 7: CPL performance (in COMET) using different
metrics for selecting intra- and cross-condition prefer-
ence pairs.

Model Sent CTX

CPL 87.99 88.06
CPL w/o (y+

w , y+
l ) 87.98 88.01

CPL w/o (y+
w , y−

l ) 87.88 87.91

Table 8: Effect of removing individual cross-condition
preference constraints.

Appendix H), human verification of preference
pairs (Study 1 in Appendix H), and complemen-
tary discourse-level metrics (BlonD-D and ALTI+)
(Section 4.2), which consistently support the effec-
tiveness of CPL.

4.5 Effect of Cross-Condition Decomposition
In cross-condition preference learning, we include
two types of preference constraints: (y+w , y+l ) and
(y+w , y−l ). To analyze their respective contributions,
we conduct an ablation study in which we remove
one of the two preference pairs from the cross-
condition loss.

As shown in Table 8, removing either constraint
causes a small but consistent performance drop for
both sentence-level and context-aware translation,
indicating that both are beneficial. The degradation
is slightly larger when removing (y+w , y−l ), suggest-
ing that contrasting against a weaker losing candi-
date provides a marginally stronger signal. These
results suggest that the two cross-condition con-
straints play complementary roles and that CPL is
not overly sensitive to any single preference rela-
tion. This redundancy contributes to the robustness
of CPL, allowing CPL to maintain stable perfor-
mance even when individual cross-condition sig-
nals are partially removed.

5 Related Work

LLM-based Document-level Machine Transla-
tion. With the emergence of LLMs, DocMT has
been revisited by leveraging LLMs’ strong contex-
tual modeling and long-context capabilities. Early
studies primarily evaluated prompt-based LLM
performance on DocMT, analyzing how models
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such as ChatGPT handle extended source-side
context (Wang et al., 2023; Karpinska and Iyyer,
2023). Subsequent work proposes more structured
prompting and inference-time strategies, including
retrieval-augmented generation (Cui et al., 2024),
agent-based frameworks with memory mechanisms
(Wang et al., 2025; Guo et al., 2025), observe-and-
act agent pipelines that adaptively select context
segment by segment as translation proceeds (Wang
et al., 2026b), and iterative translation schemes that
preserve discourse information across segments
(Hu et al., 2025).

Another line of work adapts LLMs to DocMT
via supervised fine-tuning (SFT), including instruc-
tion mixing (Li et al., 2024), multi-stage fine-tuning
(Wu et al., 2024a), document-level monolingual
post-editing of NMT outputs (Li et al., 2025),
document-level evaluation of sentence-level SFT
(Stap et al., 2024), and decoding/prompt-enhanced
strategies (Lyu et al., 2024). Dong et al. (2025) fur-
ther refine translations by combining sentence- and
document-level outputs. Ramos et al. (2025) fine-
tune LLMs with mixed context/no-context instruc-
tions. In a complementary analysis, Mohammed
and Niculae (2025) show that document-level gains
are inconsistent on discourse phenomena, suggest-
ing context should be exploited selectively.

Unlike these studies, our work explicitly models
interactions between sentence-level and context-
aware translation outputs to learn preference sig-
nals that better exploit informative context.
Preference Learning for Machine Translation.
Preference learning has long been explored in MT
as an alternative to likelihood-based training (Hop-
kins and May, 2011; Cherry and Foster, 2012), us-
ing ranking-based or pairwise objectives to better
align outputs with human judgments. Recent ad-
vances in LLM alignment, including RLHF (Chris-
tiano et al., 2017), Direct Preference Optimization
(DPO; Rafailov et al., 2023), and Contrastive Pref-
erence Optimization (CPO; Xu et al., 2024), have
renewed interest in this paradigm. Several stud-
ies adapt these techniques to MT by constructing
preference pairs from human annotations or auto-
matic metrics, including quality-estimation models
used as a proxy for human preference (Uhlig et al.,
2025), showing improvements in translation ade-
quacy and fluency (Agrawal et al., 2024; Wu et al.,
2024b; Yang et al., 2024; Cui et al., 2025; Sun et al.,
2025a). In contrast to prior work, which applies
preference learning within a single translation set-
ting, our approach extends preference learning to

a dual-condition scenario by explicitly modeling
interactions between sentence-level and context-
aware translation.

6 Conclusion

In this paper, we study sentence-level and context-
aware machine translation from a unified perspec-
tive and show that, while their overall performance
is often similar, their outputs exhibit substantial and
systematic differences. Motivated by this observa-
tion, we propose Cross-Preference Learning (CPL),
a preference-based optimization framework that
jointly models intra-condition and cross-condition
translation preferences, enabling a single model
to make better use of informative document con-
text. Experiments across multiple document-level
translation tasks demonstrate that CPL consistently
improves both sentence-level and context-aware
translation quality, enhances cross-condition con-
sistency, and remains robust to context noise and
metric choices. Our analysis further shows that
CPL provides a simple yet effective way to align
translation behavior across input conditions with-
out architectural changes, offering a promising di-
rection for robust multi-condition machine transla-
tion.

Limitations

While Cross-Preference Learning (CPL) shows
consistent improvements for both sentence-level
and context-aware translation, several limitations
remain. First, since CPL constructs preference
pairs using automatic metrics and COMET is also
our primary evaluation metric, some degree of
metric-induced bias is unavoidable. Independent
GPT-as-Judge and human evaluations, together
with BlonD-D and ALTI+, mitigate but do not elim-
inate this concern. Second, CPL does not include
an explicit mechanism that decides whether to use
context; instead, a single model is implicitly en-
couraged to handle both input conditions within a
unified preference-learning framework. Since the
model remains a black box, we cannot determine
which parts of the context are actually utilized, and
we leave the interpretability of context usage to
future work. Third, the ability of CPL to handle
extremely long documents or complex discourse
phenomena has not been fully explored.
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Guangyu Yang, Jinghong Chen, Weizhe Lin, and Bill
Byrne. 2024. Direct preference optimization for neu-
ral machine translation with minimum Bayes risk
decoding. In Proceedings of NAACL-HLT: Short
Paper, pages 391–398.

A Preference Pair Selection

We construct the sentence-level preference set Ps
by filtering the preferred–dispreferred translation
pairs (y+s , y−s ) obtained in Section 2.1. A pair is
retained only if it satisfies the following criteria: 1)
both translations contain between 6 and 100 words;
2) both translations achieve quality scores higher
than 30; and 3) the score margin between the two
translations lies in the range [0.2, 10].

These constraints filter out degenerate, low-
quality, or weakly distinguishable pairs, ensuring
that retained pairs provide reliable and informative
preference signals. The same strategy is applied to
construct the context-aware preference set Pc.

Similarly, all preference pairs in the cross-
preference set Pcr are required to satisfy the same
selection criteria.

B Dataset

Data splits. For News Commentary v18.1, we
follow the document-level train/validation/test split
of Dong et al. (2025) and Li et al. (2024). For
IWSLT2017, we adopt the original released splits,
using the official development set (dev2010) as the
validation set and the union of tst2010–tst2015
as the test set. In both domains, the training split
is used for the cold-start fine-tuning stage and the
validation split is the sole data source for preference
selection, so no test-side information is involved in
constructing preference pairs. For fair comparison,
Sent+Ctxtuned+, Sent-LevelCPO, and Ctx-AwareCPO
draw on the same splits (Section 3.1).
Data statistics. Table 9 shows the statistics
of the test sets of the fifteen translation tasks,
and the dataset used for CPL preference selec-
tion. These tasks cover two domains, News and
IWSLT, and include both the En⇒X direction
(En⇒De/Es/Fr/It/Nl/Ru) and the X⇒En direction
(Es/Fr/Nl/Ru/Zh⇒En) on News, as well as IWSLT
(En⇒De, En⇒Fr, En⇒Zh, Zh⇒En).

Table 10 shows the statistics of the preference
datasets used in these tasks. Specifically, Ps,
Pc, and Pcr (as defined in Section 2) denote the
numbers of intra-condition sentence-level, intra-
condition context-level, and cross-condition pref-
erence pairs, respectively, where Pcr includes both
(y+w , y+l ) and (y+w , y−l ).

C SFT and CPL Settings

During SFT, we fine-tune the model using the
LoRA approach (Hu et al., 2022). The LoRA rank
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Data Task Test CPL

#Doc #Sent #Doc #Sent

News
(En⇒X)

En ⇒ De 150 5,967 150 5,628
En ⇒ Es 150 5,819 150 5,782
En ⇒ Fr 150 5,795 150 5,890
En ⇒ It 150 5,749 150 5,948
En ⇒ Nl 151 5,992 151 5,925
En ⇒ Ru 150 5,619 150 5,691

News
(X⇒En)

Es ⇒ En 150 5,819 150 5,782
Fr ⇒ En 150 5,795 150 5,890
Nl ⇒ En 151 5,992 151 5,925
Ru ⇒ En 150 5,619 150 5,691
Zh ⇒ En 150 5,908 150 6,061

IWSLT

En ⇒ De 85 8,079 8 888
En ⇒ Fr 89 8,597 8 890
En ⇒ Zh 89 8,549 8 879
Zh ⇒ En 89 8,549 8 879

Table 9: Statistics of the test sets and of the data used for
CPL preference selection, across the fifteen translation
tasks in the News and IWSLT domains. #Doc and #Sent
denote the numbers of documents and sentences.

is set to 16. The batch size is 256, and the learning
rate is fixed at 5× 10−5. We train the model for a
single epoch.

During CPL, we also adopt LoRA-based fine-
tuning with the LoRA rank set to 16. The batch
size is 128, and the learning rate is set to 5× 10−5.
The model is trained for 2 epochs. The β parameter
is set to 0.1, following Rafailov et al. (2023) and
Xu et al. (2024).

D Experimental Results in d-COMET
and s-BLEU

Table 11 shows the performance in document-level
COMET (Vernikos et al., 2022) using the reference-
based wmt22-comet-da (Rei et al., 2022a). Ta-
ble 12 shows the performance in sentence-level
SacreBLEU (Post, 2018).

E Experimental Results on X-to-English
Translations

To verify that CPL generalizes beyond the
En⇒X setting reported in the main text, we
additionally evaluate five X⇒En directions
(Es/Fr/Nl/Ru/Zh⇒En) on News Commentary us-
ing Qwen3-8B. Tables 13 and 14 report sentence-
level COMET and document-level COMET, respec-
tively. Consistent with the main results of En⇒X
directions in Table 2, CPL achieves the best scores
on all X⇒En directions under both input condi-
tions, and clearly outperforms the joint-training
baseline Sent+Ctxtuned as well as the two ablated

Data Task Ps Pc Pcr

News
(En⇒X)

En ⇒ De 4,143 4,277 8,086
En ⇒ Es 4,963 5,051 8,736
En ⇒ Fr 4,768 4,877 8,829
En ⇒ It 4,923 5,024 8,877
En ⇒ Nl 3,904 4,072 8,056
En ⇒ Ru 4,016 4,116 7,841

News
(X⇒En)

Es ⇒ En 5,224 5,233 8,947
Fr ⇒ En 5,343 5,376 9,289
Nl ⇒ En 5,367 5,440 9,214
Ru ⇒ En 4,903 4,973 8,688
Zh ⇒ En 5,496 5,525 9,716

IWSLT

En ⇒ De 459 471 986
En ⇒ Fr 495 477 1,003
En ⇒ Zh 375 418 867
Zh ⇒ En 572 579 1,087

Table 10: Statistics of the preference pairs in cross-
condition preference learning, across the fifteen trans-
lation tasks. Ps, Pc, and Pcr denote the numbers of
intra-condition sentence-level, intra-condition context-
level, and cross-condition preference pairs, respectively.

variants. The ablations (#4 vs. #5 vs. #6) again
show that both the intra- and cross-condition losses
contribute to the final performance.

F Experimental Results on IWSLT2017
Translations

We further evaluate CPL on four IWSLT2017 di-
rections (En⇒De/Zh/Fr and Zh⇒En) with Qwen3-
8B, where the spoken-language documents exhibit
stronger discourse dependencies than News Com-
mentary. Tables 15 and 16 report sentence-level
COMET and document-level COMET, respectively.
CPL again yields the best overall performance un-
der both input conditions, with especially large
gains on Zh⇒En and En⇒Zh where context is
most informative. The only exception is En⇒De
under the sentence-level input, where the cross-
only variant (#5) is marginally higher; nevertheless,
CPL remains best on average and under the context-
aware condition, indicating that combining intra-
and cross-condition preferences gives the most ro-
bust behavior across directions.

G Effect of Context Length

We analyze how the amount of source-side context
affects CPL by varying the context length used for
context-aware training and inference (256, 512, and
1024 tokens). Figure 3 reports COMET on En⇒De
and En⇒Es under both input conditions, together
with the joint-training baseline Sent+Ctxtuned. Both
systems are largely insensitive to the context length,
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Sent CTX Sent CTX Sent CTX Sent CTX Sent CTX Sent CTX Sent CTX

1 Sent-Level 79.00 - 81.29 - 79.50 - 83.26 - 79.35 - 79.23 - 80.27 -
2 Sent-Leveltuned 81.55 - 84.25 - 81.74 - 84.81 - 81.94 - 81.02 - 82.55 -
3 Sent-LevelCPO 82.40 - 84.90 - 82.37 - 85.57 - 82.98 - 82.73 - 83.49 -
4 Ctx-Aware - 80.26 - 84.46 - 81.59 - 84.38 - 80.29 - 80.22 - 81.87
5 Ctx-Awaretuned - 81.52 - 84.26 - 81.84 - 84.85 - 81.95 - 81.38 - 82.63
6 Ctx-AwareCPO - 82.74 - 85.03 - 82.60 - 85.74 - 83.15 - 82.83 - 83.68
7 Sent+Ctxtuned 81.78 82.00 84.44 84.46 81.70 81.83 85.04 85.20 82.24 82.20 81.53 81.43 82.79 82.85
8 Sent+Ctxtuned+ 81.72 81.85 84.49 84.55 81.87 81.96 85.29 85.37 82.43 82.53 81.31 81.26 82.85 82.92
9 CPL (Ours) 83.23 83.25 85.22 85.38 83.02 83.08 86.00 86.04 83.82 83.84 83.01 83.09 84.05 84.11
10 - IntraLoss 82.82 82.83 85.10 85.11 82.76 82.78 85.81 85.91 83.39 83.48 82.64 82.53 83.75 83.77
11 - CrossLoss 82.86 83.02 85.07 85.24 82.76 82.95 85.76 85.93 83.67 83.72 82.92 83.01 83.84 83.98

1 Sent-Level 82.15 - 85.01 - 82.38 - 85.51 - 83.08 - 82.04 - 83.36 -
2 Sent-Leveltuned 83.37 - 85.17 - 82.99 - 86.06 - 84.37 - 82.88 - 84.14 -
3 Sent-LevelCPO 83.65 - 85.69 - 83.41 - 86.44 - 85.07 - 83.91 - 84.69 -
4 Ctx-Aware - 82.29 - 85.15 - 82.59 - 85.56 - 83.40 - 81.99 - 83.50
5 Ctx-Awaretuned - 83.43 - 85.25 - 83.04 - 86.00 - 84.48 - 82.97 - 84.20
6 Ctx-AwareCPO - 83.95 - 85.79 - 83.56 - 86.53 - 85.03 - 83.97 - 84.81
7 Sent+Ctxtuned 83.39 83.58 85.27 85.35 82.89 83.03 86.15 86.23 84.69 84.74 83.03 82.97 84.24 84.32
8 Sent+Ctxtuned+ 83.49 83.68 85.24 85.41 82.98 83.13 86.25 86.25 84.72 84.91 82.90 82.71 84.26 84.35
9 CPL (Ours) 84.63 84.69 86.00 86.05 83.82 83.92 86.78 87.05 85.69 85.84 84.32 84.36 85.21 85.32
10 - IntraLoss 84.23 84.32 85.85 85.88 83.64 83.64 86.69 86.69 85.32 85.33 83.98 83.87 84.95 84.95
11 - CrossLoss 84.29 84.44 85.83 85.91 83.68 83.85 86.84 86.81 85.42 85.45 83.98 84.02 85.01 85.08

1 Sent-Level 78.32 - 80.56 - 79.22 - 81.46 - 81.20 - 77.15 - 79.65 -
2 Sent-Leveltuned 83.26 - 85.07 - 82.54 - 85.93 - 85.63 - 82.21 - 84.11 -
3 Sent-LevelCPO 83.86 - 85.63 - 83.15 - 86.58 - 86.12 - 83.27 - 84.77 -
4 Ctx-Aware - 44.93 - 50.38 - 44.08 - 51.81 - 46.62 - 45.98 - 47.30
5 Ctx-Awaretuned - 83.39 - 85.20 - 82.80 - 86.02 - 85.73 - 82.34 - 84.25
6 Ctx-AwareCPO - 84.14 - 85.67 - 83.47 - 86.61 - 86.20 - 83.38 - 84.91
7 Sent+Ctxtuned 83.69 83.84 85.34 85.38 82.95 83.05 86.29 86.29 86.14 86.20 82.77 82.64 84.53 84.57
8 Sent+Ctxtuned+ 83.67 83.81 85.39 85.43 83.12 83.20 86.42 86.36 86.30 86.34 82.70 82.73 84.60 84.65
9 CPL (Ours) 84.44 84.59 85.98 86.04 83.84 83.95 86.83 86.89 86.49 86.58 83.99 83.99 85.26 85.34
10 - IntraLoss 84.41 84.45 85.79 85.84 83.62 83.76 86.63 86.76 86.34 86.37 83.65 83.54 85.07 85.12
11 - CrossLoss 84.42 84.56 85.65 85.71 83.69 83.75 86.68 86.73 86.48 86.55 83.89 83.98 85.14 85.21

# Model
En ⇒ De En ⇒ Es En ⇒ Fr En ⇒ It En ⇒ Nl En ⇒ Ru Average

Qwen3-4B

Qwen3-8B

Llama-3-8B-Instruct

Table 11: Results of different systems on document-level COMET metric. Best scores are shown in dark red and
second-best scores are in light red . Sent and CTX denote sentence-level and context-aware inputs, respectively.

with COMET varying within a narrow band (< 0.3)
across the three settings. More importantly, CPL
consistently stays well above Sent+Ctxtuned under
both conditions and at all context lengths. This
indicates that the gains of CPL stem from the
preference-based objective itself rather than from
a particular context length, and that CPL exploits
longer context without being distracted by the ad-
ditional, potentially noisier input.

H Human Evaluation

To complement our automatic and GPT-based eval-
uation, we conduct two human studies on the
En⇒Es task, each using 200 randomly sampled
instances scored by annotators who are blind to the
system identities.
Study 1: Quality of training preference pairs. To
assess whether our metric-based preference pairs
align with human judgments, annotators blind-
scored 200 random samples drawn from the CPL
training data (Ps ∪ Pc ∪ Pcr). The chosen trans-
lations scored higher on average than the rejected
ones (74.97 vs. 72.79) and were preferred in 112

cases (tied in 22, rejected in 66). These results
indicate that the metric-based preference ordering
generally aligns with human judgments, while not
ruling out potential metric-induced bias.
Study 2: System-level effectiveness on the test
set. We replicate the GPT-as-Judge analysis in Sec-
tion 4.3 with human annotators on 200 random test
samples. As shown in Table 17, and consistent
with our GPT-as-Judge findings, CPL outperforms
the joint-training baseline under both input condi-
tions, with its context-aware variant achieving the
highest score. This indicates that the improvements
reported in the paper reflect genuine gains in trans-
lation quality as perceived by human annotators.

I Distributional Analysis of Context
Utility

To better understand how Cross-Preference Learn-
ing affects the interaction between sentence-level
and context-aware translation, we analyze the dis-
tribution of sentences for which one input condi-
tion substantially outperforms the other. Specif-
ically, we categorize sentences into five groups
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Sent CTX Sent CTX Sent CTX Sent CTX Sent CTX Sent CTX Sent CTX

1 Sent-Level 12.64 - 28.95 - 22.16 - 22.75 - 14.78 - 14.38 - 19.28 -
2 Sent-Leveltuned 24.92 - 40.05 - 31.94 - 35.38 - 24.38 - 22.20 - 29.81 -
3 Sent-LevelCPO 28.99 - 41.73 - 35.16 - 36.25 - 28.61 - 26.49 - 32.87 -
4 Ctx-Aware - 11.09 - 28.98 - 21.21 - 21.35 - 12.72 - 13.05 - 18.07
5 Ctx-Awaretuned - 26.73 - 40.02 - 32.79 - 35.20 - 24.46 - 23.26 - 30.41
6 Ctx-AwareCPO - 27.71 - 41.29 - 34.94 - 35.14 - 30.30 - 24.99 - 32.40
7 Sent+Ctxtuned 28.11 28.95 41.33 39.42 33.54 33.38 36.65 36.56 27.51 28.32 24.89 25.52 32.01 32.03
8 Sent+Ctxtuned+ 28.42 29.15 41.47 40.74 32.84 33.46 37.26 37.52 29.74 28.17 24.79 25.19 32.42 32.37
9 CPL (Ours) 29.38 29.46 42.03 41.99 35.50 35.63 35.87 35.32 33.16 33.24 27.38 27.39 33.89 33.84
10 - IntraLoss 29.10 30.03 41.64 41.75 35.11 35.27 36.00 36.69 32.71 32.80 26.30 27.18 33.48 33.95
11 - CrossLoss 30.56 29.98 41.87 41.87 34.89 34.97 36.37 36.01 32.91 32.21 26.78 26.80 33.90 33.64

1 Sent-Level 16.95 - 35.96 - 25.91 - 27.32 - 18.39 - 18.41 - 23.82 -
2 Sent-Leveltuned 31.72 - 42.65 - 35.48 - 38.59 - 34.66 - 28.66 - 35.29 -
3 Sent-LevelCPO 33.47 - 43.79 - 37.40 - 38.90 - 35.01 - 30.12 - 36.45 -
4 Ctx-Aware - 14.44 - 31.60 - 23.43 - 24.58 - 16.16 - 14.78 - 20.83
5 Ctx-Awaretuned - 31.60 - 42.55 - 35.44 - 38.44 - 34.14 - 28.61 - 35.13
6 Ctx-AwareCPO - 33.34 - 43.38 - 37.07 - 39.05 - 34.29 - 30.12 - 36.21
7 Sent+Ctxtuned 31.91 31.88 43.57 43.62 36.06 35.96 39.77 39.62 35.58 35.75 29.19 28.83 36.01 35.94
8 Sent+Ctxtuned+ 32.38 32.42 43.65 43.86 36.22 36.12 40.34 40.42 34.87 36.39 29.14 28.72 36.10 36.32
9 CPL (Ours) 32.28 33.26 44.22 44.24 37.80 37.78 38.80 39.73 36.51 35.75 30.03 30.06 36.61 36.80
10 - IntraLoss 33.79 33.83 43.93 44.12 37.54 37.73 39.16 39.50 36.47 34.94 30.32 30.35 36.87 36.74
11 - CrossLoss 33.70 33.82 44.01 44.13 37.11 37.33 39.57 39.44 36.47 35.86 29.85 30.24 36.79 36.80

1 Sent-Level 26.29 - 35.30 - 31.16 - 31.59 - 30.37 - 24.33 - 29.84 -
2 Sent-Leveltuned 31.80 - 42.96 - 35.10 - 38.97 - 38.31 - 27.93 - 35.85 -
3 Sent-LevelCPO 33.34 - 44.15 - 37.51 - 39.93 - 38.47 - 29.39 - 37.13 -
4 Ctx-Aware - 13.33 - 18.12 - 15.80 - 16.27 - 13.98 - 13.27 - 15.13
5 Ctx-Awaretuned - 32.11 - 43.20 - 35.32 - 39.26 - 38.50 - 28.14 - 36.09
6 Ctx-AwareCPO - 33.49 - 44.13 - 37.67 - 39.42 - 38.46 - 29.55 - 37.12
7 Sent+Ctxtuned 32.96 33.15 44.40 44.34 36.27 36.55 40.33 40.37 40.13 40.29 28.74 28.65 37.14 37.23
8 Sent+Ctxtuned+ 32.94 33.32 44.36 44.48 36.59 36.58 40.67 40.82 40.55 40.59 28.91 28.75 37.34 37.42
9 CPL (Ours) 33.87 33.95 44.17 44.37 37.82 38.09 39.86 40.09 39.23 39.14 29.93 29.73 37.48 37.56
10 - IntraLoss 33.70 34.17 44.18 44.47 37.14 37.93 39.40 39.62 39.16 39.09 29.87 30.04 37.24 37.55
11 - CrossLoss 32.90 33.75 44.09 44.05 37.24 37.43 39.44 39.52 39.09 39.01 29.48 29.34 37.04 37.18

# Model
En ⇒ De En ⇒ Es En ⇒ Fr En ⇒ It En ⇒ Nl En ⇒ Ru Average

Qwen3-4B

Qwen3-8B

Llama-3-8B-Instruct

Table 12: Results of different systems on sentence-level BLEU metric. Best scores are shown in dark red and
second-best scores are in light red . Sent and CTX denote sentence-level and context-aware inputs, respectively.

Sent CTX Sent CTX Sent CTX Sent CTX Sent CTX Sent CTX

1 Sent-Leveltuned 89.13 - 87.64 - 89.85 - 84.76 - 86.61 - 87.60 -
2 Ctx-Awaretuned - 89.29 - 87.79 - 90.08 - 84.94 - 86.85 - 87.79
3 Sent+Ctxtuned 89.20 89.39 87.72 87.89 90.01 90.18 84.85 85.00 86.55 86.93 87.67 87.88
4 CPL (Ours) 89.58 89.73 88.20 88.32 90.33 90.49 85.34 85.50 87.23 87.44 88.14 88.30
5 - IntraLoss 89.39 89.63 88.15 88.26 90.22 90.43 85.25 85.40 87.09 87.38 88.02 88.22
6 - CrossLoss 89.50 89.66 88.05 88.22 90.24 90.40 85.21 85.43 87.14 87.37 88.03 88.22

# Model
Es ⇒ En Fr ⇒ En Nl ⇒ En Ru ⇒ En Zh ⇒ En Average

Qwen3-8B

Table 13: Results of X-to-English translations on sentence-level COMET using Qwen3-8B. Best scores are shown
in dark red and second-best scores in light red . Sent and CTX denote sentence-level and context-aware inputs,
respectively.

Sent CTX Sent CTX Sent CTX Sent CTX Sent CTX Sent CTX

1 Sent-Leveltuned 87.36 - 85.81 - 88.43 - 82.69 - 84.30 - 85.72 -
2 Ctx-Awaretuned - 87.66 - 86.10 - 88.74 - 82.98 - 84.62 - 86.02
3 Sent+Ctxtuned 87.45 87.74 85.89 86.17 88.59 88.84 82.75 83.00 84.24 84.68 85.78 86.09
4 CPL (Ours) 87.84 88.10 86.41 86.62 88.91 89.13 83.31 83.57 84.96 85.27 86.29 86.54
5 - IntraLoss 87.59 87.97 86.35 86.56 88.74 89.08 83.17 83.44 84.85 85.18 86.14 86.45
6 - CrossLoss 87.76 88.01 86.25 86.53 88.82 89.05 83.19 83.53 84.85 85.16 86.17 86.46

# Model
Es ⇒ En Fr ⇒ En Nl ⇒ En Ru ⇒ En Zh ⇒ En Average

Qwen3-8B

Table 14: Results of X-to-English translations on document-level COMET using Qwen3-8B. Best scores are shown
in dark red and second-best scores in light red . Sent and CTX denote sentence-level and context-aware inputs,
respectively.
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Sent CTX Sent CTX Sent CTX Sent CTX Sent CTX

1 Sent-Leveltuned 83.37 - 82.67 - 82.18 - 84.37 - 83.15 -
2 Ctx-Awaretuned - 83.65 - 83.16 - 82.56 - 84.52 - 83.47
3 Sent+Ctxtuned 83.71 83.80 82.81 83.10 82.19 82.67 84.56 84.70 83.32 83.57
4 CPL (Ours) 83.75 84.14 83.83 84.20 83.12 83.56 85.24 85.47 83.98 84.34
5 - IntraLoss 83.92 84.10 83.66 84.01 82.98 83.48 85.17 85.32 83.93 84.23
6 - CrossLoss 83.74 83.95 83.59 83.98 82.92 83.43 85.11 85.29 83.84 84.16

# Model
En ⇒ De En ⇒ Zh Zh ⇒ En En ⇒ Fr Average

Qwen3-8B

Table 15: Results of IWSLT2017 translations on sentence-level COMET using Qwen3-8B (up to 256 context tokens).
Best scores are in dark red and second-best in light red . Sent and CTX denote sentence-level and context-aware
inputs, respectively.

Sent CTX Sent CTX Sent CTX Sent CTX Sent CTX

1 Sent-Leveltuned 78.27 - 76.48 - 77.57 - 80.45 - 78.19 -
2 Ctx-Awaretuned - 78.69 - 77.12 - 78.23 - 80.72 - 78.69
3 Sent+Ctxtuned 78.68 78.91 76.77 77.25 77.61 78.38 80.63 80.92 78.42 78.87
4 CPL (Ours) 78.95 79.39 77.64 78.19 78.62 79.22 81.45 81.73 79.17 79.63
5 - IntraLoss 79.06 79.34 77.41 77.98 78.47 79.13 81.33 81.58 79.07 79.51
6 - CrossLoss 78.90 79.17 77.38 77.94 78.38 79.08 81.33 81.55 79.00 79.44

# Model
En ⇒ De En ⇒ Zh Zh ⇒ En En ⇒ Fr Average

Qwen3-8B

Table 16: Results of IWSLT2017 translations on document-level COMET using Qwen3-8B (up to 256 context
tokens). Best scores are in dark red and second-best in light red . Sent and CTX denote sentence-level and
context-aware inputs, respectively.
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Figure 3: COMET under different context lengths (256/512/1024 tokens) on En⇒De and En⇒Es, for sentence-level
(Sent, solid) and context-aware (CTX, dashed) inputs. CPL is shown in green and the Sent+Ctxtuned baseline in blue.

Model Avg. Score

Sent+Ctxtuned (Sent) 73.83
Sent+Ctxtuned (CTX) 73.44
CPL (Sent) 73.89
CPL (CTX) 74.34

Table 17: Human evaluation (average total score out of
100) on En⇒Es.

based on the COMET score difference between the
context-aware and sentence-level outputs, denoted

as ∆ = COMETctx − COMETsent. The categories
are defined as follows: clearly better (∆ ≥ 1.0),
better (0.5 ≤ ∆ < 1.0), on par (−0.5 < ∆ < 0.5),
worse (−1.0 < ∆ ≤ −0.5), and clearly worse
(∆ ≤ −1.0).

As shown in Figure 4, the untuned base model,
Qwen3-8B, exhibits a large proportion of sentences
in the clearly better, CB and clearly worse, CW
categories, indicating that document context can
substantially help some sentences while severely
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Figure 4: Distribution (%) of sentences by COMET
differences between context-aware and sentence-level
translations. CB/B/P/W/CW = Clearly Better, Better,
On Par, Worse, Clearly Worse.

degrading others.
Joint fine-tuning (Sent+Ctxtuned) mitigates this

effect by increasing the proportion of on par, P
cases, suggesting more balanced use of context.
CPL further strengthens this trend, achieving the
highest share of on par, P sentences while simulta-
neously reducing extreme improvements and degra-
dations. Compared to the Qwen3-8B base model
and Sent+Ctxtuned, CPL produces more balanced
and stable performance between sentence-level and
context-aware translation, reducing extreme gains
or degradations associated with context usage.

J Leveraging Both Outputs via
Reranking

An additional advantage of CPL is that it naturally
supports both sentence-level and context-aware
translation within a unified framework. Given
a source sentence x and its context c, CPL pro-
duces two candidate translations: a sentence-
conditioned output y and a context-conditioned
output y′. Rather than committing to a single trans-
lation mode, these two candidates can be reranked,
and the better one selected as the final output.

We report the results in Table 18. The first
two rows show the standalone performance of
CPL’s sentence-level and context-aware outputs.
We then evaluate three reranking strategies. Prob.-
based Reranking selects the candidate with higher
model likelihood, reflecting the model’s internal
confidence. COMETKiwi-based Reranking uses a
reference-free quality estimator (Rei et al., 2022b),
enabling automatic selection without gold refer-
ences. Oracle Reranking selects the candidate
with higher reference-based COMET score and

Model BLEU COMET
Sent-Level 36.61 87.99
Ctx-Aware 36.80 88.06

+ Prob. 37.14 88.19
+ COMETKiwi 37.13 88.42
+ Oracle 38.63 88.73

Table 18: Performance of reranking sentence-level and
context-aware translations produced by CPL.

serves as an upper bound. As shown, all rerank-
ing strategies consistently improve over individ-
ual outputs, demonstrating that sentence-level and
context-aware translations provide complementary
strengths. Prob.-based reranking yields modest
gains, while COMETKiwi achieves larger improve-
ments, suggesting that semantic quality estimation
is more effective than likelihood alone.

K More Analysis Across Input Conditions

To examine whether the likelihoods under sentence-
level and context-aware inputs are comparable
in practice, we measure the normalized log-
probability gap between the two input conditions.
For each triplet (x, y, c), we compute

δ =
1

|y| (log pθ(y | x, c)− log pθ(y | x)) , (6)

where x is the source sentence, y is a target transla-
tion, c is the document context, and θ denotes the
trained CPL model. Using En⇒De as an example,
we evaluate δ over all triplets from the preference
data, including both y+ and y− in each preference
pair. The resulting mean and standard deviation are
0.021 and 0.067, respectively. The small magni-
tude and variation of δ indicate that sentence-level
and context-aware inputs induce closely aligned
normalized log-probability scales, providing empir-
ical evidence that their likelihoods can be compared
in practice.

The per-token normalization in Eq. 6 is used only
as a diagnostic to examine the relative probability
scales across input conditions. In the CPO and
Cross-CPO objectives, we follow CPO (Xu et al.,
2024) and do not apply length normalization. This
is unlikely to substantially affect our comparisons
because the preferred and dispreferred candidates
have very similar lengths. In the News En⇒De
cross-condition preference set, the average length
difference is only 1.615 words, with a variance of
3.106.
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L GPT-as-Judge

To obtain a more comprehensive and fine-grained
quality assessment, we design a detailed evaluation
prompt for the judge model. The prompt explic-
itly specifies the evaluation inputs, scoring dimen-
sions, scoring criteria, and required output format,
enabling the model to assess each candidate trans-
lation in a more controlled and consistent manner
across multiple aspects of quality. The full prompt
is shown in Figure 10.

M Case Study

Figure 5 presents two examples where CPL pro-
duces better translations than Sent+Ctxtuned. In
Case 1, both the sentence-level and context-aware
variants of Sent+Ctxtuned incorrectly translate delu-
sions as Delirien. In contrast, while the sentence-
level variant of CPL makes a similar mistake, the
context-aware variant correctly translates delusions
as Wahnvorstellungen. This shows that the addi-
tional context helps CPL select the more appro-
priate translation instead of the less suitable Delir-
ium. In Case 2, CPL again demonstrates more
effective use of context than Sent+Ctxtuned. The
sentence-level variant of Sent+Ctxtuned omits the
discourse connective and is less well-formed, while
its context-aware variant only partially improves
the output by adding Angesichts dieser Zahlen but
still uses semantically weaker terminology Verfas-
sungsschutzmaßnahmen and an imprecise predicate
aufrechterhalten wollen. In contrast, CPL shows
a clear improvement with context: although its
sentence-level variant already captures the correct
predicate unterstützen, the context-aware variant
further preserves the full structure of support retain-
ing as die Aufrechterhaltung . . . unterstützen and
better captures the legal meaning associated with
Roe as verfassungsgemäße Schutzgarantie. This
highlights CPL’s ability to leverage context for both
semantic precision and structural fidelity.

N Identifying the Usefulness of Context

To identify test instances for which source-side
context is genuinely useful, the prompt shown in
Figure 6 specifically asks whether the current sen-
tence can still be translated accurately and natu-
rally without access to the preceding source context,
and whether the context provides necessary disam-
biguating information. The evaluation covers four
dimensions: coreference, lexical ambiguity, dis-
course/logical relation, and specific referential or

background knowledge. Each dimension is scored
from 0 to 3, and the total score is mapped to Low,
Medium, or High context necessity.

To obtain consistent structured outputs at scale,
we use batched API inference with a strict JSON
schema (Figure 7). The schema requires the model
to return the total score, the necessity label, a brief
explanation of the main translation risk without
context, and the most likely error that would arise
if the context were ignored.

O Prompts

In all experiments presented in this paper, we em-
ploy a unified set of prompt templates to ensure fair
comparison. The two templates share the same in-
struction style and differ only in whether the source-
side context c is provided, so that any performance
difference can be attributed to the input condition
rather than to prompt design.

As illustrated in Figure 8, the sentence-level
template consists of a system instruction and the
user input, where the source sentence x is inserted
into the {src_sent} placeholder. In contrast, as
shown in Figure 9, following Wang et al. (2023),
the context-aware template augments the input
by introducing a {context_text} placeholder for
the source-side context c before the source sen-
tence, explicitly instructing the model to incor-
porate inter-sentence context during translation.
In other words, the placeholders {src_sent} and
{context_text} correspond to the source sentence
x and its context c used throughout the paper, re-
spectively.

Under both templates, the model is required to
output only a direct translation of the current source
sentence x, without any explanation, restatement,
or additional content.

P Training and Inference Cost

Since CPL only modifies the training objective
and introduces no architectural change, inference
is identical to standard autoregressive decoding
and incurs no extra overhead beyond the base
model; the two input conditions differ only in in-
put length. All experiments use four NVIDIA L40
GPUs (48 GB each). With LoRA fine-tuning, train-
ing any single configuration completes in under 30
minutes, and decoding a full test set with vLLM
takes less than 5 minutes under either condition.
As the LoRA adapters are merged into the base
weights, no extra parameters are stored at inference;
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Case 1

[Source]
If a dissident demonstrated against the Soviet system at least twice - say, by distributing illicit writings - the
"delusions" signified schizophrenia.

[Source-side Context]
Anyone who believed that the political system should be changed was suffering from "reformist delusions." . . .
Soviet authorities relied on an idiosyncratic definition of schizophrenia . . .

[Sent+Ctxtuned (Sent)]
Wenn ein Dissident gegen das sowjetische System mindestens zweimal demonstrierte - etwa indem er illegale
Schriften verbreitete - bedeutete das „Delirien“ Schizophrenie.

[Sent+Ctxtuned (Ctx)]
Wenn ein Dissident gegen das sowjetische System mindestens zweimal protestiert hatte - etwa durch die
Verteilung illegaler Schriften - so wurden die „Delirien“ als Schizophrenie interpretiert.

[CPL (Sent)]
Wenn ein Dissident mindestens zweimal gegen das sowjetische System demonstriert hatte – etwa indem er
illegale Schriften verbreitete –, so bedeutete das „Delirium“, dass er an Schizophrenie litt.

[CPL (Ctx)]
Wenn ein Dissident mindestens zweimal gegen das sowjetische System demonstrierte – etwa durch die
Verbreitung illegaler Schriften –, dann wurden die „Wahnvorstellungen“ als Zeichen für Schizophrenie
interpretiert.

[Reference]
Wenn sich ein Dissident mindestens zweimal gegen das sowjetische System äußerte, indem er beispielsweise
verbotene Schriften in Umlauf brachte, dann deuteten die „Wahnvorstellungen" auf Schizophrenie hin.

Case 2

[Source]
Given these figures, it is no wonder that nearly two-thirds of Americans support retaining the constitutional
protection that Roe provides.

[Source-side Context]
Between the Roe decision and 2017 · · · more than 58 million abortions were performed in the US. · · · one in
four American women will have an abortion · · ·

[Sent+Ctxtuned (Sent)]
Dass fast zwei Drittel der Amerikaner die Verfassungsschutz durch Roe bewahren wollen, ist kein Wunder.

[Sent+Ctxtuned (Ctx)]
Angesichts dieser Zahlen ist es kein Wunder, dass fast zwei Drittel der Amerikaner die Verfassungsschutzmaß-
nahmen, die Roe bietet, aufrechterhalten wollen.

[CPL (Sent)]
Angesichts dieser Zahlen ist es kein Wunder, dass fast zwei Drittel der Amerikaner die Aufrechterhaltung der
Verfassungsschutzgarantie unterstützen, die Roe bietet.

[CPL (Ctx)]
Angesichts dieser Zahlen ist es kein Wunder, dass fast zwei Drittel der Amerikanerinnen und Amerikaner die
Aufrechterhaltung der verfassungsgemäßen Schutzgarantie, die Roe bietet, unterstützen.

[Reference]
Angesichts dieser Zahlen verwundert es nicht, dass zwei Drittel aller Amerikanerinnen und Amerikaner sich für
den Bestand des verfassungsmäßigen Schutzes aussprechen, der seit Roe besteht.

Figure 5: Case studies illustrating that CPL benefits from informative context.

for the 8B backbones, the model and its activations
fit comfortably within a single L40.
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Prompt Template

You are a computational linguist with expertise in {tgt_lang}. Your task is to evaluate how strongly the translation of
the current sentence depends on its preceding context in a machine translation training example.

Your job is not to translate the sentence. Instead, determine whether the [current sentence] can still be
translated accurately and naturally into {tgt_lang} without any context, and then judge whether the provided [context]
supplies necessary disambiguating information.

Please carefully distinguish the following two cases:
(1) The context only makes the translation more natural or complete, but the sentence can still be translated mostly
correctly without it → Low dependency.
(2) Without the context, the sentence would likely be mistranslated due to unresolved ambiguity, incorrect discourse
relation, wrong coreference resolution, or incorrect word sense selection → Medium/High dependency.

Evaluate the sentence on the following four dimensions, assigning a score from 0 to 3 for each:

1. Coreference Dependency
0: No pronoun/reference, or the reference is clear without context.
1: Minor referential uncertainty, but translation is unlikely to be seriously affected.
2: Context helps determine the referent; without it, the translation may be awkward or partially wrong.
3: Context is necessary to determine referent identity, gender, number, or grammatical role; omission would likely cause
mistranslation.

2. Lexical Ambiguity
0: The key lexical meaning is clear.
1: Slight ambiguity, but the most likely translation remains stable.
2: Context clearly helps disambiguate the intended sense; without it, the translation may be inaccurate.
3: Context is necessary to identify the correct sense; omission would likely cause mistranslation.

3. Discourse / Logical Relation
0: The sentence is logically self-contained.
1: Weak discourse connection, but it does not materially affect translation.
2: Context helps determine tone or discourse relation such as contrast, causality, or continuation.
3: Without context, the discourse relation would likely be misinterpreted, affecting translation choices.

4. Specific Referential / Background Knowledge
0: No context-specific referent or background knowledge is needed.
1: Slight background dependence, but it does not materially affect translation.
2: Context helps identify a specific person, entity, event, or concept.
3: Context is necessary to identify the intended referent; omission would likely cause substantial misunderstanding.

The total score is the sum of the four dimension scores (0–12).
Map the total score to necessity_level as follows:
0–3 → Low
4–7 → Medium
8–12 → High

Output requirements:
- In bottleneck_analysis.explanation, briefly describe the most likely failure point if the context were unavailable.
- In zero_shot_failure_case, provide the most likely incorrect interpretation or mistranslation that would arise if the
context were completely ignored.
- If there is essentially no obvious failure risk, output "None" for zero_shot_failure_case.

Return the result strictly following the provided schema, and do not output any additional text.

[Context]
{context_text}

[Current sentence]
{src_sent}

Figure 6: Prompt used for context-dependency evaluation of sentence-level translation.
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Output JSON Schema

{
"name": "context_dependency_eval_schema",
"strict": true,
"schema": {
"type": "object",
"additionalProperties": false,
"properties": {

"total_dependency_score": {
"type": "integer",
"minimum": 0,
"maximum": 12

},
"necessity_level": {
"type": "string",
"enum": ["High", "Medium", "Low"]

},
"bottleneck_analysis": {
"type": "object",
"additionalProperties": false,
"properties": {
"has_grammatical_risk": {"type": "boolean"},
"has_semantic_risk": {"type": "boolean"},
"explanation": {"type": "string"}

},
"required": [
"has_grammatical_risk",
"has_semantic_risk",
"explanation"

]
},
"zero_shot_failure_case": {"type": "string"}

},
"required": [

"total_dependency_score",
"necessity_level",
"bottleneck_analysis",
"zero_shot_failure_case"

]
}

}

Figure 7: Strict JSON schema used to constrain model outputs in batched API inference.

Prompt Template

Translate the text enclosed in triple quotes from {src_lang} into {tgt_lang} without any explanation.

{src_lang}: ”’ {src_sent} ”’

Figure 8: Prompt used for Sentence-level translation (Sent-Level).

Prompt Template

[{src_lang}]:{context_text}

Given the provided context, translate the following {src_lang} sentence to {tgt_lang}.

[{src_lang}]:{src_sent}

Figure 9: Prompt used for Context-Aware translation (Ctx-Aware).
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Prompt Template

You are an expert bilingual translation evaluator.

You will receive one JSON object describing a single translation evaluation task. Evaluate 4 candidate trans-
lations independently.

Input fields:
- doc_id: document id
- sent_id: sentence id
- lang_pair: translation direction, e.g. en-de means translating English into German
- prompt_ctx: broader contextual prompt or discourse context
- prompt_sent: sentence-level translation prompt
- input: source sentence
- ref: reference translation of the current sentence
- candidates: exactly four translations: Candidate_A, Candidate_B, Candidate_C, Candidate_D

Evaluation principles:
- Use ref only as a helpful reference for the intended meaning. Multiple valid translations may exist. Do not penalize
harmless variation if meaning, contextual fit, and fluency are preserved.

For each candidate, consider:
1. input
2. prompt_sent
3. prompt_ctx
4. ref (Use ref only as a helpful reference for the intended meaning. Multiple valid translations may exist.)
5. the candidate itself

Score each candidate on 4 dimensions, 25 points each (total 100):

1. Contextual Appropriateness (25)
Judge whether the translation is fully appropriate given prompt_ctx, including topic, discourse framing, tone/register,
communicative setting, and context-dependent interpretation. Does it correctly resolve ambiguities, pronouns, gender
agreements, referential links, or terminology that are dictated by the surrounding context?
- 22–25: fully context-appropriate
- 16–21: mostly appropriate, with minor contextual mismatch
- 0–15: contextually inappropriate, inconsistent, or fails to resolve context-dependent meaning correctly

2. Faithfulness and Accuracy (25)
Judge whether the candidate accurately conveys the meaning of input, using ref as a strong anchor.
- 22–25: highly accurate
- 16–21: mostly accurate, minor deviations
- 0–15: major semantic errors, omissions, additions, or distortions

3. Fluency and Naturalness (25)
Judge grammaticality, idiomaticity, readability, and naturalness in the target language.
- 22–25: fluent and natural
- 16–21: understandable but somewhat awkward
- 0–15: noticeable language problems

4. Terminology and Expression Quality (25)
Judge lexical choice, phrasing, precision, and stylistic suitability, especially for key expressions.
- 22–25: precise and well-phrased
- 16–21: acceptable but somewhat suboptimal
- 0–15: weak, awkward, or inappropriate wording

Output requirements:
- Score each candidate and provide one concise overall reasoning.
- In contextual reasoning, explicitly mention how prompt_ctx affects the judgment.
- Ensure total equals the sum of the four dimension scores.
- Return the result strictly following the provided JSON schema without extra text.

Figure 10: Prompt used for GPT-as-Judge.
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