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Abstract001

Context-aware machinne translation (MT)002
leverages document-level information, yet it003
does not consistently outperform sentence-level004
MT, as contextual signals are unevenly bene-005
ficial across sentences. Existing training ob-006
jectives do not explicitly model this variabil-007
ity, limiting a model’s ability to adaptively ex-008
ploit context. In this paper, we propose Cross-009
Preference Learning (CPL), a preference-based010
training framework that explicitly captures the011
complementary benefits of sentence-level and012
context-aware MT. CPL achieves this by in-013
tegrating both intra- and cross-condition pref-014
erences into the preference optimization ob-015
jective. The introduction of intra- and cross-016
condition preferences provides explicit supervi-017
sion on when and how contextual information018
improves translation quality. We validate the019
proposed approach on several public context-020
aware MT tasks using multiple models, includ-021
ing Qwen3-4B, Qwen3-8B, and LLaMA-3-8B.022
Experimental results demonstrate consistent023
improvements in translation quality and robust-024
ness across both input conditions, achieved025
without any architectural modifications. All026
data and code will be released.027

1 Introduction028

Modern machine translation (MT) systems are in-029

creasingly expected to operate under multiple input030

conditions. In some scenarios, only a single source031

sentence is available, while in others, additional032

inter-sentence context can be provided to improve033

translation quality (e.g., document-level or context-034

aware MT) (Tiedemann and Scherrer, 2017; Maruf035

et al., 2021). These two settings—sentence-level036

and context-aware translation—share the same out-037

put space but are typically handled by separate038

models and optimized independently.039

A key observation underlying our work is that040

context-aware translation does not consistently out-041

perform sentence-level translation. As illustrated042
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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.

in Figure 1, context-aware models greatly outper- 043

form sentence-level models for a subset of sen- 044

tences, but also slightly underperform, or even 045

greatly underperform for a non-negligible portion 046

of the data, while performing on par in many cases. 047

This distribution highlights that the two systems 048

often produce diverse yet complementary trans- 049

lations rather than one uniformly dominating the 050

other (Voita et al., 2018; Dong et al., 2025).1 Con- 051

sistent with this observation, Table 1 shows that 052

the two systems achieve comparable overall BLEU 053

and COMET scores, while the oracle results indi- 054

cate substantial headroom when the better output 055

is selected on a per-sentence basis. These find- 056

ings motivate our approach: by explicitly com- 057

paring translations generated under different input 058

conditions for the same source sentence, a model 059

can learn to leverage context adaptively, preferring 060

sentence-level translations when context is redun- 061

dant or context-aware translations when additional 062

context provides useful information. 063

Inspired by recent advances in preference opti- 064

1Please refer to Section 4.1 for more details.
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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.

mization, we cast the preference for using inter-065

sentence context in translation as a preference opti-066

mization problem, addressed via preference learn-067

ing. However, existing methods such as direct pref-068

erence optimization (DPO) (Rafailov et al., 2023),069

contrastive preference optimization (CPO) (Xu070

et al., 2024), and simplified preference optimiza-071

tion (SimPO) (Meng et al., 2024) focus on single-072

condition settings, where preference comparisons073

share the same input configuration. Consequently,074

these approaches are not designed to account for075

multiple input conditions sharing the same output076

space but differ in available information.077

To address this limitation, we propose Cross-078

Preference Learning (CPL) built upon CPO. In ad-079

dition to the intra-condition preference learning080

in vanilla CPO, CPL introduces a cross-condition081

preference optimization (Cross-CPO) to explicitly082

model the interactions between the two conditions.083

By ranking sentence-level and context-aware trans-084

lations, CPL enables the model to learn a shared085

preference structure across conditions, allowing086

preference signals from one condition to influence087

learning in the other. Importantly, CPL operates088

entirely at the level of the training objective and re-089

quires no architectural changes, and can be applied090

to any shared-parameter translation system.091

The main contributions in this paper can be sum-092

marized as follows:093

• We extend preference-based optimization to094

jointly support sentence-level and context-095

aware translation, providing a principled096

framework for multi-task preference learning.097

• We introduce CPL, which incorporates cross-098

condition preference comparisons to explicitly099

model interactions between the two transla-100

tion conditions and adaptively leverage con-101

text.102

• We evaluate CPL on multiple document-level103

MT tasks and show that a single trained model104

performs robustly under both sentence-level 105

and context-aware settings, achieving signifi- 106

cant improvements in translation quality and 107

cross-condition consistency. 108

2 Methodology 109

Figure 2 provides an overview of Cross-Preference 110

Learning (CPL). We first introduce the two trans- 111

lation settings in this work (Figure 2(a)) in Sec- 112

tion 2.1, then describe our proposed CPL (Fig- 113

ure 2(b)) in Section 2.2. 114

2.1 Sentence- and Context-Conditioned 115

Translation 116

We study a machine translation setting in which a 117

single model operates under two source-side input 118

conditions: sentence-level and context-aware trans- 119

lation. In the former, the model receives only a 120

source sentence x, while in the latter it additionally 121

receives source-side context c, such as neighboring 122

sentences within a document. 123

The model, parameterized by θ, defines two con- 124

ditional distributions over target sentences: pθ(y | 125

x) for sentence-level translation and pθ(y | x, c) 126

for context-aware translation. For each distribution, 127

we sample two candidates: {y1s , y2s } from pθ(y | x) 128

and {y1c , y2c} from pθ(y | x, c). 129

For each candidate pair, we construct prefer- 130

ence labels based on automatic evaluation. Tak- 131

ing sentence-level translation as an example, we 132

score each candidate using the average of sentence- 133

level COMET and document-level COMET (d- 134

COMET) (Vernikos et al., 2022) against the refer- 135

ence. The higher-scoring candidate is treated as the 136

preferred translation y+s , while the lower-scoring 137

one is treated as the dispreferred translation y−s . 138

We apply the same procedure to the context-aware 139

candidates to obtain the corresponding preference 140

pair (y+c , y−c ). 141

Since translations produced under the two con- 142

ditions are directly comparable, this setup enables 143

preference modeling both within and across con- 144

ditions. Our goal is to train a single model that 145

performs robustly under both settings. 146

2.2 Cross-Preference Learning 147

Next, we first present the background for 148

preference-based optimization in Section 2.2.1, fol- 149

lowed by intra-condition preference learning (Sec- 150

tion 2.2.2) and cross-condition preference learning 151

(Section 2.2.3). Finally, we present overall CPL 152

objective in Section 2.2.4. 153
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(b) Cross-Preference Learning

Intra-Condition Preference
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Figure 2: Illustration of our approach.

2.2.1 Preference-Based Optimization154

Background155

Preference-based optimization trains models on156

pairwise comparisons of candidate translations157

rather than reference likelihood. For a preference158

pair (y+, y−) and input x, the model is encouraged159

to assign higher probability to y+. When context160

is available, we treat x as (x, c) implicitly.161

We adopt contrastive preference optimization162

(CPO) (Xu et al., 2024). The intra-condition CPO163

loss for a pair (y+, y−) is:164

LCPO(x, y
+, y−) = −

[
log σ

(
β log pθ(y

+ | x)165

− β log pθ(y
− | x)

)]
− log pθ

(
y+ | x

)
, (1)166

where σ is the sigmoid function, β controls prefer-167

ence separation.168

2.2.2 Intra-Condition Preference Learning169

We extend contrastive preference optimization170

(CPO), originally formulated for a single input con-171

dition, to the sentence- and context-conditioned172

translation. This extension enables preference-173

based optimization to be applied consistently174

across the two related tasks within a shared-175

parameter model.176

CPO is applied independently to the selected177

preference pairs for each condition: (y+s , y−s ) for178

sentence-level translation under pθ(y | x), and179

(y+c , y−c ) for context-aware translation under pθ(y |180

x, c). Let Ps and Pc denote the selected sets of181

sentence-level and context-aware preference pairs,182

respectively. Intra-condition preference learning183

minimizes the following objective:184

Lintra(θ) = E(y+,y−)∼Ps

[
LCPO

(
x, y+, y−

) ]
185

+ E(y+,y−)∼Pc

[
LCPO

(
(x, c) , y+, y−

) ]
, (2)186

where LCPO is the CPO loss defined in Eq. 1, com- 187

puted over sentence-level and context-aware pref- 188

erence pairs, respectively. 189

The intra-condition loss Lintra(θ) enables effec- 190

tive preference-based learning within each trans- 191

lation condition while sharing model parameters 192

across both tasks. Appendix A presents the details 193

of preference pair selection for both Ps and Pc. 194

2.2.3 Cross-Condition Preference Learning 195

Intra-condition preference learning optimizes 196

sentence-level and context-aware translation in- 197

dependently, and therefore does not explicitly re- 198

late the two conditioned outputs. To exploit in- 199

teractions across conditions, we introduce cross- 200

condition preference learning, which directly com- 201

pares sentence-level and context-aware translations 202

for the same source sentence. 203

For each source sentence x with context c, we 204

identify the best translation y+w from four candi- 205

dates, i.e., (y+s , y−s ) and (y+c , y−c ). The input condi- 206

tion that produces y+w is defined as the winning con- 207

dition (w), while the other serves as the losing con- 208

dition (l), where w, l ∈ {s, c}. Then we construct 209

two cross-condition preference pairs: (y+w , y+l ) and 210

(y+w , y−l ). These pairs encourage the model to con- 211

sistently prefer the winning-condition output over 212

both strong and weak outputs from the losing con- 213

dition. We denote the corresponding inputs as x+w , 214

x+l , and x−l . 215

Let Pcr denote the set of cross-condition prefer- 216

ence pairs. The cross-condition preference loss is 217

defined as: 218

Lcross(θ) (3) 219

=E(y+w ,y+l )∼Pcr
LC-CPO

(
{x+w , x+l }, y

+
w , y+l

)
220

+E(y+w ,y−l )∼Pcr
LC-CPO

(
{x+w , x−l }, y

+
w , y−l

)
. 221
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where the cross-CPO (C-CPO) loss is defined as:222

LC-CPO({x+, x−}, y+, y−) (4)223

= −
[
log σ

(
β log pθ(y

+ | x+)224

− β log pθ(y
− | x−)

)]
− log pθ(y

+ | x+).225

As shown, cross-CPO adapts the standard CPO226

objective to allow comparisons between transla-227

tions generated under different conditioning signals228

while preserving the contrastive learning objective.229

Overall, the cross-condition loss Lcross(θ) encour-230

ages the model to assign higher probability to pre-231

ferred translations across input conditions, explic-232

itly modeling interaction between sentence-level233

and context-aware outputs. Appendix A presents234

the details of preference pair selection for Pcr.235

2.2.4 CPL objective236

CPL unifies intra- and cross-condition preference237

signals into a single objective, jointly optimizing238

sentence-level and context-aware translation under239

different input conditions.240

The CPL objective is defined as the sum of the241

corresponding preference-based losses defined in242

Eq. 2 and Eq. 3:243

LCPL(θ) = Lintra(θ) + Lcross(θ). (5)244

By jointly optimizing intra-condition and cross-245

condition preference pairs, CPL enables a single246

shared-parameter model to perform robustly under247

both sentence-level and context-aware translation248

settings, without requiring architectural changes.249

3 Experimentation250

3.1 Experimental Settings251

Datasets. Following recent work, we use the News252

Commentary v18.1 in WMT25,2 which features253

parallel text with document boundaries. Our ex-254

periments cover six translation directions: from255

English (En) to German (De), Spanish (Es), French256

(Fr), Italian (It), Dutch (Nl), and Russian (Ru). Re-257

fer to Appendix B for more details of the datasets.258

Similar to Xu et al. (2024), we constructed a259

small-scale dataset for the cold-start fine-tuning260

stage. For each direction, we extract a contiguous261

block of 20,000 sentences sequentially, ensuring262

the availability of context for context-aware train-263

ing. Specifically, for the context-aware samples,264

we prepend the preceding source text, truncated to265

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

the last 256 tokens (Lyu et al., 2024), as the input 266

context. 267

Following Xu et al. (2024) and Wang et al. 268

(2025a), we use the high-quality validation sets 269

to source the preference pairs. Appendix B shows 270

the statistics of datasets used for CPL learning and 271

the preference pairs used. 272

Models and Settings. We select Qwen3- 273

4B3 (Yang et al., 2025), Qwen3-8B4 and Meta 274

Llama-3-8B-Instruct5 (AI@Meta, 2024) as the 275

foundation open-source LLMs. For detailed fine- 276

tuning and hyper-parameter settings, please refer 277

to Appendix C. 278

Baselines. We compare our approach against the 279

following baselines: 280

• Sent-Level. The base LLM translates each 281

sentence independently. Sent-Leveltuned is 282

fine-tuned on sentence-level data. Building on 283

this model, we additionally apply CPO using 284

sentence-level preference pairs, yielding Sent- 285

LevelCPO. 286

• Ctx-Aware. The base LLM translates using 287

the current sentence and its preceding con- 288

text. Ctx-Awaretuned is fine-tuned on context- 289

aware data. Similarly, Ctx-AwareCPO applies 290

CPO with context-aware preference pairs. 291

• Sent+Ctxtuned. A naive multi-condition base- 292

line jointly fine-tuned on both sentence-level 293

and context-aware data using standard likeli- 294

hood training. Sent+Ctxtuned+ further incor- 295

porates the dataset used for extracting CPL 296

preference pairs during fine-tuning. 297

All prompt details are provided in Appendix E. 298

Metrics. We primarily report sentence-level 299

COMET scores (Rei et al., 2020). Specif- 300

ically, we use the reference-based metric 301

wmt22-comet-da (Rei et al., 2022a). In addition, 302

we report supplementary evaluation metrics, 303

including sentence-level BLEU (s-BLEU) (Post, 304

2018) and document-level COMET (d-COMET), 305

in Appendix D. Since our model and most base- 306

lines support both input conditions, we evaluate 307

and report performance for both sentence-level 308

(Sent) and context-aware (CTX) translation. 309

3https://huggingface.co/Qwen/Qwen3-4B
4https://huggingface.co/Qwen/Qwen3-8B
5https://huggingface.co/meta-llama/

Meta-Llama-3-8B-Instruct
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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: Results of different systems on 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.

3.2 Main Results310

We begin with an important observation from Ta-311

ble 2. Across all models and training settings,312

sentence-level and context-aware translations (#2313

vs. #5) achieve very similar COMET scores. This314

suggests that simply providing document-level con-315

text does not consistently improve average trans-316

lation quality. Such behavior has also been ob-317

served in recent work, where the benefits of con-318

text are often sparse and localized (Dong et al.,319

2025; Lyu et al., 2024). This observation motivates320

our approach: rather than assuming context is al-321

ways beneficial, we aim to adaptively learn when322

sentence-level or context-aware translation should323

be preferred. Based on the table, we further analyze324

the results as follows:325

• Effect of fine-tuning and joint training.326

Among the baselines, fine-tuned LLMs con-327

sistently outperform their untuned counter-328

parts (e.g., #2 vs. #1 and #5 vs. #4). Joint329

fine-tuning on both sentence- and context-330

conditioned data further improves perfor-331

mance for both tasks (#7 vs. #2 and #7 vs. 332

#5). For example, with Llama-3-8B-Instruct, 333

joint training yields average COMET gains 334

of 0.38 and 0.29 over individually fine-tuned 335

models, indicating that we establish a strong 336

and competitive baseline. 337

• Impact of incorporating additional train- 338

ing data. Extending joint fine-tuning with the 339

subset of data used for CPL (Sent+Ctxtuned+, 340

#8) leads to only marginal improvements, sug- 341

gesting that performance gains are not simply 342

driven by additional data, but require more ef- 343

fective learning signals. Moreover, using the 344

additional training data for preference learn- 345

ing, both Sent-LevelCPO (#3) and Context- 346

AwareCPO (#6) achieve more improvement for 347

both sentence-level and context-aware transla- 348

tion, respectively. 349

• Effectiveness of CPL. Compared with all 350

baselines, CPL (#9) achieves substantial im- 351

provements. Notably, when compared to 352

Sent+Ctxtuned+ (#8), which leverages the same 353
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training data, CPL yields consistent gains for354

both sentence-level and context-aware trans-355

lation. For instance, CPL improves aver-356

age COMET by 1.10/1.12, 0.84/0.87, and357

0.60/0.64 for sentence-level/context-aware358

translation using Qwen3-4B, Qwen3-8B, and359

Llama-3-8B-Instruct, respectively. This360

demonstrates the effectiveness of Cross-361

Preference Learning beyond conventional fine-362

tuning. Moreover, CPL (#9) outperforms the363

two other strong baselines Sent-LevelCPO (#3)364

and Context-AwareCPO (#6) which are aug-365

mented with preference learning on the same366

training data.367

• Ablation studies. Ablation results (#9 vs. #10368

vs. #11) show that both intra-condition loss369

and cross-condition loss contribute to CPL’s370

performance. Removing either component de-371

grades performance, with intra-condition loss372

having a slightly larger impact, indicating its373

complementary role in stabilizing preference374

learning.375

• Consistency across model scales. Finally,376

the observed performance trends are consis-377

tent across all three LLM backbones, suggest-378

ing that CPL is robust and model-agnostic,379

and can be effectively applied to different pre-380

trained models.381

4 Discussion382

In this section, we use Qwen3-8B as the founda-383

tion model to discuss our approach. Unless other-384

wise specified, we report the average sentence-level385

COMET scores across all six translation tasks.386

4.1 Distributional Analysis of Context Utility.387

To better understand how Cross-Preference Learn-388

ing affects the interaction between sentence-level389

and context-aware translation, we analyze the dis-390

tribution of sentences for which one input condi-391

tion substantially outperforms the other. Specif-392

ically, we categorize sentences into five groups393

based on the COMET score difference between the394

context-aware and sentence-level outputs, denoted395

as ∆ = COMETctx − COMETsent. The categories396

are defined as follows: clearly better (∆ ≥ 1.0),397

better (0.5 ≤ ∆ < 1.0), on par (−0.5 < ∆ < 0.5),398

worse (−1.0 < ∆ ≤ −0.5), and clearly worse399

(∆ ≤ −1.0).400

CB B P W CW
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Qwen3-8B
Sent+Ctxtuned
CPL

Figure 3: 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.

As shown in Figure 3, the untuned base model, 401

Qwen3-8B, exhibits a large proportion of sentences 402

in the clearly better, CB and clearly worse, CW 403

categories, indicating that document context can 404

substantially help some sentences while severely 405

degrading others. 406

Joint fine-tuning (Sent+Ctxtuned) mitigates this 407

effect by increasing the proportion of on par, P 408

cases, suggesting more balanced use of context. 409

CPL further strengthens this trend, achieving the 410

highest share of on par, P sentences while simulta- 411

neously reducing extreme improvements and degra- 412

dations. Compared to the Qwen3-8B base model 413

and Sent+Ctxtuned, CPL produces more balanced 414

and stable performance between sentence-level and 415

context-aware translation, reducing extreme gains 416

or degradations associated with context usage. 417

4.2 Leveraging Both Outputs via Reranking 418

An additional advantage of CPL is that it naturally 419

supports both sentence-level and context-aware 420

translation within a unified framework. Given 421

a source sentence x and its context c, CPL pro- 422

duces two candidate translations: a sentence- 423

conditioned output y and a context-conditioned 424

output y′. Rather than committing to a single trans- 425

lation mode, these two candidates can be reranked, 426

and the better one selected as the final output. 427

We report the results in Table 3. The first two 428

rows show the standalone performance of CPL’s 429

sentence-level and context-aware outputs. We 430

then evaluate three reranking strategies. Prob.- 431

based Reranking selects the candidate with higher 432

model likelihood, reflecting the model’s internal 433

confidence. COMETKiwi-based Reranking uses a 434
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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 3: Performance of reranking sentence-level and
context-aware translations produced by CPL.

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

reference-free quality estimator (Rei et al., 2022b),435

enabling automatic selection without gold refer-436

ences. Oracle Reranking selects the candidate437

with higher reference-based COMET score and438

serves as an upper bound. As shown, all rerank-439

ing strategies consistently improve over individ-440

ual outputs, demonstrating that sentence-level and441

context-aware translations provide complementary442

strengths. Prob.-based reranking yields modest443

gains, while KiwiCOMET achieves larger improve-444

ments, suggesting that semantic quality estimation445

is more effective than likelihood alone.446

4.3 Effect of Preference Selection Metrics447

Cross-Preference Learning relies on ranking can-448

didate translations to construct informative intra-449

condition and cross-condition preference pairs. By450

default, we use the average of document-level451

COMET (d-COMET) and sentence-level COMET452

(s-COMET) as the selection metric. To assess453

the sensitivity of CPL to this design choice, we454

compare several alternatives, including d-COMET455

alone, s-COMET alone, and BLEU (Post, 2018).456

Table 4 shows the performance. Among the457

COMET-based variants, performance differences458

are negligible, indicating that CPL is robust to dif-459

ferent granularities of COMET scoring. In con-460

trast, using BLEU as the selection metric leads to461

a noticeable performance drop. This is expected,462

as BLEU relies on surface-level n-gram overlap463

and is less aligned with semantic adequacy and464

discourse-level quality, which are crucial for select-465

ing informative preference pairs.466

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

4.4 Analysis with Additional Quality Metrics 467

In addition to BLEU and COMET, we evaluate 468

CPL using complementary metrics that target as- 469

pects of translation quality not fully captured by 470

standard accuracy-based evaluation, namely dis- 471

course coherence, faithfulness, and fluency. These 472

properties are particularly important for context- 473

aware translation. 474

Following Li et al. (2023) and Dong et al. (2025), 475

we measure discourse coherence (Coh.) by com- 476

puting the cosine similarity between SimCSE sen- 477

tence embeddings (Gao et al., 2021) of neighboring 478

translated sentences. Higher scores indicate bet- 479

ter consistency across sentence boundaries. To as- 480

sess faithfulness, we report ALTI+ (Ferrando et al., 481

2022), which uses a pretrained NLLB model to de- 482

tect under-translation and hallucination by analyz- 483

ing attribution patterns during generation.6 Higher 484

ALTI+ scores correspond to fewer faithfulness is- 485

sues. Finally, we follow Sun et al. (2025b) and 486

evaluate translation fluency using GPT-5 (GPT-5- 487

2025-08-07) (OpenAI, 2025) as an external judge , 488

which provides a holistic assessment of grammati- 489

cality and naturalness.7 490

Table 5 reports results on complementary quality 491

metrics. Sent+Ctxtuned improves coherence, faith- 492

fulness, and fluency over the base model, indicat- 493

ing more effective use of document context. CPL 494

further achieves the best performance across all 495

metrics, with higher discourse coherence, fewer 496

faithfulness issues as measured by ALTI+, and im- 497

proved fluency. These consistent gains suggest that 498

CPL enhances translation quality beyond standard 499

COMET evaluation. 500

4.5 Effect of Cross-Condition Decomposition 501

In cross-condition preference learning, we include 502

two types of preference constraints: (y+w , y+l ) and 503

(y+w , y−l ). To analyze their respective contributions, 504

6https://facebookresearch.github.io/stopes/
docs/eval/alti

7Due to the high cost of API-based fluency evaluation
(about $50 per direction), we report only the average scores
for En⇒De and En⇒Ru.
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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 6: Effect of removing individual cross-condition
preference constraints.

we conduct an ablation study in which we remove505

one of the two preference pairs from the cross-506

condition loss.507

As shown in Table 6, removing either constraint508

causes a small but consistent performance drop for509

both sentence-level and context-aware translation,510

indicating that both are beneficial. The degradation511

is slightly larger when removing (y+w , y−l ), suggest-512

ing that contrasting against a weaker losing candi-513

date provides a marginally stronger signal. These514

results suggest that the two cross-condition con-515

straints play complementary roles and that CPL is516

not overly sensitive to any single preference rela-517

tion. This redundancy contributes to the robustness518

of CPL, allowing CPL to maintain stable perfor-519

mance even when individual cross-condition sig-520

nals are partially removed.521

5 Related Work522

LLM-based Document-level Machine Transla-523

tion. With the emergence of LLMs, DocMT has524

been revisited by leveraging LLMs’ strong contex-525

tual modeling and long-context capabilities. Early526

studies primarily evaluated prompt-based LLM527

performance on DocMT, analyzing how models528

such as ChatGPT handle extended source-side529

context (Wang et al., 2023; Karpinska and Iyyer,530

2023). Subsequent work proposes more structured531

prompting and inference-time strategies, including532

retrieval-augmented generation (Cui et al., 2024),533

agent-based frameworks with memory mechanisms534

(Wang et al., 2025b; Guo et al., 2025), and iterative535

translation schemes that preserve discourse infor-536

mation across segments (Hu et al., 2025).537

Another line of research focuses on supervised538

fine-tuning (SFT) to adapt LLMs explicitly for539

DMT. These methods explore instruction mixing540

(Li et al., 2024), multi-stage fine-tuning with mono-541

lingual and parallel documents (Wu et al., 2024a),542

sentence-level fine-tuning evaluated at the docu-543

ment level (Stap et al., 2024), and decoding- or544

prompt-enhanced training strategies (Lyu et al.,545

2024). Dong et al. (2025) refine translations546

by jointly leveraging intermediate outputs from 547

sentence-level and document-level translation. 548

Different from above studies, in this work we 549

explicitly address the interaction between sentence- 550

level and context-aware translation outputs and pro- 551

vide mechanisms for selectively leveraging context. 552

Preference Learning for Machine Translation. 553

Preference learning has long been explored in ma- 554

chine translation as an alternative to likelihood- 555

based training (Hopkins and May, 2011; Cherry 556

and Foster, 2012), using ranking-based or pairwise 557

objectives to better align model outputs with human 558

judgments. Recently, advances in LLM alignment, 559

such as RLHF (Christiano et al., 2017), Direct Pref- 560

erence Optimization (DPO; Rafailov et al., 2023), 561

and Contrastive Preference Optimization (CPO; Xu 562

et al., 2024), have renewed interest in this paradigm. 563

Several studies adapt these techniques to MT by 564

constructing preference pairs from human annota- 565

tions or automatic metrics, showing improvements 566

in translation adequacy and fluency under a single 567

input condition (Agrawal et al., 2024; Wu et al., 568

2024b; Yang et al., 2024; Cui et al., 2025; Sun 569

et al., 2025a). In contrast to prior work, which ap- 570

plies preference learning within a single translation 571

setting, our approach extends preference learning 572

to a dual-condition scenario by explicitly modeling 573

interactions between sentence-level and context- 574

aware translation. 575

6 Conclusion 576

In this paper, we study sentence-level and context- 577

aware machine translation from a unified perspec- 578

tive and show that, while their overall performance 579

is often similar, their outputs exhibit substantial and 580

systematic differences. Motivated by this observa- 581

tion, we propose Cross-Preference Learning (CPL), 582

a preference-based optimization framework that 583

jointly models intra-condition and cross-condition 584

translation preferences, enabling a single model 585

to leverage document context adaptively. Experi- 586

ments across multiple document-level translation 587

tasks demonstrate that CPL consistently improves 588

both sentence-level and context-aware translation 589

quality, enhances cross-condition consistency, and 590

remains robust to context noise and metric choices. 591

Our analysis further shows that CPL provides a 592

simple yet effective way to align translation behav- 593

ior across input conditions without architectural 594

changes, offering a promising direction for robust 595

and context-adaptive machine translation. 596
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Limitations597

While Cross-Preference Learning (CPL) shows598

consistent improvements for both sentence-level599

and context-aware translation, several limitations600

remain. First, CPL relies on high-quality prefer-601

ence pairs derived from automatic metrics (e.g.,602

COMET), which may propagate metric biases and603

affect learning. Second, our approach requires sam-604

pling multiple candidates per sentence and comput-605

ing their scores, which increases computational606

cost during training. Third, although CPL can607

leverage context selectively, its ability to handle ex-608

tremely long documents or complex discourse phe-609

nomena has not been fully explored. Finally, our610

evaluations focus on a limited set of language pairs611

and LLM backbones; further studies are needed612

to validate CPL on broader languages and model613

scales.614
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# Doc # Sent # Doc # Sent

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

Task Test CPL

Table 7: Statistics of test sets for the translation tasks.

Task Ps Pc Pcr

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

Table 8: Statistics of preference pairs in cross-condition
preference learning.

A Preference Pair Selection782

We construct the sentence-level preference set Ps783

by filtering the preferred–dispreferred translation784

pairs (y+s , y−s ) obtained in Section 2.1. A pair is785

retained only if it satisfies the following criteria: 1)786

both translations contain between 6 and 100 words;787

2) both translations achieve quality scores higher788

than 0.3; and 3) the score margin between the two789

translations lies in the range [0.2, 10].790

These constraints filter out degenerate, low-791

quality, or weakly distinguishable pairs, ensuring792

that retained pairs provide reliable and informative793

preference signals. The same strategy is applied to794

construct the context-aware preference set Pc.795

Similarly, all preference pairs in the cross-796

preference set Pcr are required to satisfy the same797

selection criteria.798

B Dataset799

Table 7 shows the statistics of the test sets of six800

translation tasks, and the dataset used for CPL pref-801

erence selection.802

Table 8 shows the statistics of the preference803

datasets used in the six translation tasks. Specif-804

ically, in Pcr, it shows the total number of prefer-805

ence pairs, including both types of cross-condition806

preference pairs, (y+w , y+l ) and (y+w , y−l ) .807

C SFT and CPL Settings808

During SFT, we fine-tune the model using the809

LoRA approach. The LoRA rank is set to 16. The810

batch size is 256, and the learning rate is fixed at 811

5× 10−5. We train the model for a single epoch. 812

During CPL, we also adopt LoRA-based fine- 813

tuning with the LoRA rank set to 16. The batch 814

size is 128, and the learning rate is set to 5× 10−5. 815

The model is trained for 2 epochs. The β parameter 816

is set to 0.1, following Rafailov et al. (2023) and 817

Xu et al. (2024). 818

D Experimental Results in s-BLEU and 819

d-COMET 820

Table 9 shows the performance in document-level 821

COMET (Vernikos et al., 2022) using the reference- 822

based wmt22-comet-da (Rei et al., 2022a). Ta- 823

ble 10 shows the performance in sentence-level 824

SacreBLEU (Post, 2018). 825

E Prompts 826

In all experiments presented in this paper, we em- 827

ploy a unified set of prompt templates to ensure fair 828

comparison. 829

As illustrated in Figure 4, the sentence-level tem- 830

plate consists of a system instruction and the user 831

input, where the source sentence is inserted into the 832

{src_sent} placeholder. In contrast, as shown in 833

Figure 5, following Wang et al. (2023), the context- 834

aware template augments the input by introducing 835

a {context_text} placeholder before the source 836

sentence, explicitly instructing the model to incor- 837

porate inter-sentence context during translation. 838
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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 - 82.86 -
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 - 82.88
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 83.04 83.14
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 84.26 84.32
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 83.98 84.02
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 84.02 84.17

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 9: 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.

Prompt Template

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

{src_lang}: ”’ {src_sent} ”’

Figure 4: 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 5: Prompt used for Context-Aware translation (Ctx-Aware).
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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 - 31.33 -
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 - 31.84
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 33.43 33.33
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 35.19 35.13
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 34.91 35.31
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 35.32 35.01

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 10: 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.
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