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Abstract001

Large Language Models (LLMs) have en-002
abled a shift from sentence-level to document-003
to-document (Doc2Doc) machine translation,004
promising improved global coherence. How-005
ever, document-to-document generation in a006
single pass frequently suffers from struc-007
tural misalignment, manifesting as sentence008
omissions or hallucinations that violate the009
core requirement of source-target correspon-010
dence. To address this, we introduce Sentence011
Translation Alignment Rate (STAR), an012
auxiliary metric that explicitly quantifies013
sentence-level structural fidelity. Building on014
this, we propose STAR-masked Preference015
Optimization (StarPO), a framework that016
ranks document-level hypotheses by structural017
quality and utilizes a dynamic alignment mask018
to focus optimization on misaligned segments.019
Experimental results across news and literary020
domains demonstrate that StarPO significantly021
enhances translation quality and structural in-022
tegrity. Notably, StarPO allows compact mod-023
els (e.g., Qwen3-4B) to surpass the perfor-024
mance of massive proprietary systems like025
GPT-4o while maintaining superior token effi-026
ciency. We will release our code and datasets.027

1 Introduction028

Recent advances in large language models (LLMs)029

has significantly advanced document-level ma-030

chine translation (DocMT) (Wang et al., 2023,031

2025f; Karpinska and Iyyer, 2023). With long-032

context modeling and strong generative capabili-033

ties, LLMs make it increasingly feasible to move034

beyond sentence-to-sentence (Sent2Sent) trans-035

lation toward document-to-document (Doc2Doc)036

translation, where an entire source document is037

translated in a single pass. Despite this promise,038

Doc2Doc translation often exhibits sentence-level039

structural failures, such as sentence omissions or040

hallucinations, that violate the core requirement041

of sentence-level correspondence between source042

Ideal Structural Deviations

1-to-1 1-to-0 0-to-1 Other

LLaMA-3.1-8B 92.59 2.08 0.17 4.15
Qwen-2.5-7B 95.35 1.91 1.31 1.43
Qwen3-4B 94.72 0.72 0.33 4.23
Deepseek-R1 95.03 4.85 0.03 0.09
GPT-4o 92.91 2.25 2.89 1.95

Prompting LLaMA-3.1-8B with Sentence Splitter
MixSFT (Li et al., 2026) 96.78 0.57 2.08 0.57
KFMT (Liu et al., 2025) 95.48 1.89 2.34 0.29

Ours (on Qwen3-4B) 98.09 0.64 0.00 1.27

System

Table 1: Alignment distribution ( in % ) for in-one-
go Doc2Doc Chinese-to-English translation on News-
Commentary, computed by Gemini-2.5-Flash.

and target documents (Dong et al., 2025). In this 043

work, we aim to improve Doc2Doc translation 044

by addressing sentence-level structural misalign- 045

ments, so that better alignment directly contributes 046

to higher translation quality. 047

Most existing DocMT approaches implic- 048

itly avoid structural misalignment by adopting 049

sentence-level or context-aware paradigms, where 050

translation is still performed at the sentence level 051

with surrounding context (Lyu et al., 2024; Hu 052

et al., 2025; Wu et al., 2024a). While this design 053

enforces sentence correspondence, it usually lim- 054

its global planning and incurs substantial computa- 055

tional overhead, as source sentences are repeatedly 056

encoded across overlapping contexts.1 057

Ideally, Doc2Doc translation preserves a clear 058

correspndence between source and target sen- 059

tences. In practice, howerver, model outputs of- 060

ten contain 1-to-0 alignments (omissions) or 0-to- 061

1 alignments (hallucinations).2 As shown in our 062

1See Appendix A for additional discussions.
2Human translations do not always preserve strict 1-to-1

sentence correspondence, for example, two source sentences
may merge into one target sentence, but this paper focuses on
mitigating clear structural misalignments such as omissions
or hallucinations rather than enforcing rigid 1-to-1 mapping.
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preliminary analysis in Table 1, such errors are per-063

vasive across model scales and persist even when064

sentence boundary constraints are explicitly intro-065

duced during generation (Liu et al., 2025; Li et al.,066

2026). Notably, even strong proprietary mod-067

els such as GPT-4o (OpenAI, 2024) exhibit non-068

trivial rates of structural mismatch in Doc2Doc set-069

tings (Liu et al., 2024; Shao et al., 2024a).070

These errors are particularly pronounced in071

long or complex documents and closely related072

to over-rejection (Xu et al., 2024, 2025) and re-073

ward hacking (Shihab et al., 2025), where mod-074

els adopt overly conservative strategies under075

safety or short-context biases. Importantly, struc-076

tural misalignment is largely invisible to standard077

training objectives and evaluation metrics (e.g.078

COMET (Rei et al., 2022a)), which primarily fo-079

cus on semantic adequacy and fluency. As a result,080

Doc2Doc systems may achieve high metric scores081

while still omitting or hallucinating content.082

To address this limitation, we introduce083

Sentence Translation Alignment Rate (STAR), an084

auxiliary metric that explicitly measures sentence-085

level structural fidelity in Doc2Doc translation.086

Building on STAR, we propose STAR-masked087

Preference Optimization (StarPO) framework088

that ranks document-level hypotheses by align-089

ment quality and encourage structurally faithful090

generation. We further introduce a dynamic align-091

ment masking strategy that downweights or ex-092

cludes sentences that are already well aligned, al-093

lowing optimization to focus on misaligned seg-094

ments such as omissions and hallucinations.095

In summary, our contributions are:096

• We identify sentence-level structural mis-097

alignment as a key bottleneck in Doc2Doc098

translation and introduce STAR , a novel aux-099

iliary metric for measuring structural fidelity.100

• We propose STAR-masked Preference101

Optimization (StarPO) with dynamic align-102

ment masking to mitigate sentence omissions103

and hallucinations.104

• We demonstrate consistent and robust im-105

provements in document-level translation106

quality across multiple domains and models.107

2 Methodology108

In this section, we present a novel framework de-109

signed to enhance structural fidelity of document-110

See Appendix B for detailed case study.

level translation as illustrated in Figure 1. 111

2.1 Sentence Translation Alignment Rate 112

(STAR) 113

We introduce Sentence Translation Alignment 114

Rate (STAR), a metric for quantifying sentence- 115

level structural fidelity in Doc2Doc translation. As 116

illustrate in Figure 1(a), the computation of STAR 117

proceeds in four steps: 118

1. Sentence Segmentation: Source and target 119

documents (S and T ) are segmented into 120

sentences, S = {s1, . . . , sm} and T = 121

{t1, . . . , tn}. Specifically, we segment sen- 122

tences using SaT (Frohmann et al., 2024). 123

2. Sentence-Level Alignment: Sentences from the 124

source and target are aligned to form disjoint 125

alignment units U = {u1, . . . , uK}, where 126

each unit uk = (sk, tk) may contain zero or 127

more source sentences sk ⊆ S and zero or 128

more target sentences tk ⊆ T . These units 129

are minimal and cannot be further decomposed. 130

Here, we use Bertalign (Liu and Zhu, 2023) for 131

sentence-level alignment. 132

3. Unit Categorization: Each alignment unit is 133

classified based on the number of source and 134

target sentences: (1) 1-to-1 (U1:1), where |sk| = 135

|tk| = 1; (2) Deletion (U1:0), where |sk| ≥ 136

1, |tk| = 0; (3) Insertion (U0:1), where |sk| = 137

0, |tk| ≥ 1; and (4) Complex (Ucomplex), cov- 138

ering all other cases (|sk| + |tk| > 2 with 139

|sk|, |tk| ≥ 1). 140

4. STAR Computation: STAR is the fraction of 141

clean 1-to-1 units among all alignment units: 142

STAR(S, T ) =
|U1:1|

|U1:1|+ |U1:0|+ |U0:1|+ |Ucomplex|
.

(1) 143

Thus, higher STAR indicates better sentence-level 144

structural fidelity while lower STAR reflects dele- 145

tions, insertions, or complex merges. Notably, 146

STAR can also be computed directly via an LLM- 147

as-a-judge approach, based on the four steps out- 148

lined above. See Appendix C for detailed prompts. 149

2.2 Preference Data Generation 150

To support STAR-masked preference optimization 151

(StarPO), we construct a document-level prefer- 152

ence dataset from automatically generated trans- 153

lation candidates. For each source document, we 154
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Figure 1: Overview of the proposed framework. (a) Sentence Translation Alignment Rate (STAR): Source and
target documents are segmented and aligned to compute STAR, defined as the ratio of strict 1-to-1 alignments. (b)
Preference Data Generation: Translation candidates are sampled and ranked by their STAR scores. Pairs exhibiting
a score disparity larger than τ are selected as chosen (yw) and rejected (yl) samples. (c) STAR-Masked Preference
Optimization (StarPO): A sentence-level mask is applied to the CPO objective, excluding well-aligned (1-to-1)
sentences to focus optimization exclusively on structurally problematic segments.

use GPT-4o (OpenAI, 2024) to generate 5 diverse155

translation candidates with a temperature of 1.0.156

Reference translation without sentence boundaries157

is also included in the candidate pool when avail-158

able.159

For each souce document S, we compute the160

STAR score (Section 2.1) for all candidates and161

form a preference pair by selecting the candidate162

with the highest STAR score as the chosen exam-163

ple (Tw) and the one with the lowest score as the164

rejected example (Tl). To ensure meaningful su-165

pervision, a pair (Tw, Tl) is retained only if the166

STAR score difference exceeds a threshold τ , i.e.,167

|STAR(S, Tw)− STAR(S, Tl)| > τ . In our exper-168

iments, we set τ = 0.1.169

2.3 STAR-Masked Preference Optimization170

(StarPO)171

Following Wang et al. (2025a); Agrawal et al.172

(2024); Xu et al. (2024); Sun et al. (2025a), we173

adopt a two-stage training paradigm. We first per-174

form supervised fine-tuning (SFT) on high-quality175

parallel corpora to establish a warm-started policy176

πSFT. We then apply preference optimization to177

further align the model with structural constraints.178

Background: Contrastive Preference Optimiza- 179

tion. Following contrastive preference optimiza- 180

tion (CPO) (Xu et al., 2024, 2025), we assume a 181

preference dataset D = {(S, Tw, Tl)}, where S 182

is a source document and (Tw, Tl) denote a pre- 183

ferred and dis-preferred translation, respectively. 184

CPO optimizes the policy πθ by maximizing the 185

likelihood margin between the preferred and dis- 186

preferred candidates. The standard objective is for- 187

mulated as: 188

LCPO(πθ) =− ED

[
log σ

(
β log πθ(Tw|S)

− β log πθ(Tl|S)
)]

− ED
[
log πθ(Tw|S)

]
,

(2) 189

where σ is sigmoid function and β is a hyperpa- 190

rameter controlling strength of preference signal. 191

Typically, log πθ(T |S) is computed as the sum of 192

log-probabilities over all tokens in document T . 193

STAR-Masked Objective. Directly applying 194

CPO at the document-level treats all tokens 195

equally, regardless of whether they correspond to 196

structurally correct translations or not. To focus 197

learning on sentence-level structural issues (e.g., 198

hallucinations, omissions, or complex alignments), 199

we introduce a STAR-based masking strategy. 200
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Given a target document T which is segmented201

into n sentences T = {t1, . . . , tn} and the align-202

ment units defined in Section 2.1, we define a203

sentence-level mask M(tj) that indicates whether204

sentence tj should contribute to preference loss:205

M(tj) = 1− I1:1(tj), (3)206

where I1:1(tj) = 1 if sentence tj belongs to a clean207

1-to-1 alignment unit and 0 otherwise.208

As a result, well-aligned sentences receive a209

mask value of 0, whereas sentences associated210

with structural mismatches receive a value of 1.211

Using this mask, we define STAR-Masked212

log-likelihood, log πSTAR(T |S), which aggregates213

token-level probabilities strictly for non-1-to-1214

sentences:215

log πSTAR(T |S) =
n∑

j=1

[
M(tj)·

|tj |∑
k=1

log πθ (tj,k|t<j , tj,<k, S)

]
,

(4)216

where |tj | is the number of tokens in sentence tj ,217

tj,k denotes the k-th token in the tj , t<j represents218

all target sentences preceding tj , and tj,<k denotes219

the generated tokens in tj , respectively. The in-220

ner summation corresponds to the standard token-221

level log-likelihood for sentence tj .222

We then replace the standard document-level223

likelihood in CPO with the masked likelihood to224

obtain the STAR-masked preference loss:225

LSTAR-CPO(πθ) =− ED

[
log σ

(
β log πSTAR(Tw|S)

− β log πSTAR(Tl|S)
)]

− ED
[
log πSTAR(Tw|S)

]
.

(5)226

3 Experimentation227

3.1 Experimental Settings228

Datasets. Following recent works (Wang et al.,229

2025f; Liu et al., 2025; Cui et al., 2024), we eval-230

uate on both literary and news domains. Specifi-231

cally, we use Guofeng dataset (Wang et al., 2024)3232

for Chinese (Zh) ⇔ {English (En), German (De),233

Russian (Ru)} translation, and News-Commentary234

v18.1 from WMT254 for English (En) ⇔ { Chi-235

nese (Zh), German (De), Russion (Ru), Spanish236

(Es)} and Chinese (Zh) ⇔ German (De). We use237

the training sets to fine-tune the LLMs and to con-238

struct preference pairs. Detailed dataset statistics239

are provided in Appendix D.240

3github.com/longyuewangdcu/GuoFeng-Webnovel/
4www2.statmt.org/wmt25/translation-task.html

Models and Implementation Details. We 241

use three open-source instruction-tuned large lan- 242

guage models: LLaMA-3.1-8B-Instruct (Team, 243

2024a)5, Qwen-2.5-7B-Instruct (Team, 2024b)6, 244

and Qwen-3-4B-Instruct (Yang et al., 2025)7. See 245

Appendix E for more implementation details. 246

Systems. For comprehensive comparison, we 247

evaluate two categories of systems: 248

(1) Training Paradigms. We report the perfor- 249

mance of the base LLMs, models fine-tuned with 250

supervised fine-tuning (+SFT), further optimized 251

with standard contrastive preference optimization 252

(+CPO), and our proposed STAR-masked prefer- 253

ence optimization (+StarPO). 254

(2) State-of-the-Art and Competitive Systems. 255

We additionally compare against strong document- 256

level translation systems, including Tower-plus- 257

9B (Rei et al., 2024), GPT-4o (OpenAI, 2024), and 258

Deepseek-R1 (DeepSeek-AI, 2025). 259

Metrics. We evaluate translation quality using 260

document-level COMET (dCOMET) (Vernikos 261

et al., 2022), computed by wmt22-comet-da (Rei 262

et al., 2022a). Specifically, since document- 263

level evaluation requires sentence-level align- 264

ments (Vernikos et al., 2022), we apply the align- 265

ment strategy described in Section 2.1. Follow- 266

ing Zouhar et al. (2024); Zebaze et al. (2025), 267

we assign a score of 0 to unaligned segments, in- 268

cluding omissions (1-to-0) and hallucinations (0- 269

to-1). Importantly, complex mappings (1-to-k, 270

k-to-1, k-to-k′) retain their computed COMET 271

scores. See Appendix F for additional results us- 272

ing COMETKiwi (Rei et al., 2022b) and our pro- 273

posed STAR scores. 274

3.2 Main Results 275

Our main results are shown in Table 2 and Table 3. 276

Performance on News-Commentary. Table 2 277

presents the results on the News-Commentary 278

dataset. Across all backbones (LLaMA-3.1, 279

Qwen2.5, and Qwen3), supervised fine-tuning 280

(+SFT) yields consistent and substantial improve- 281

ment over the base models on most language 282

pairs. Building on this, standard CPO (+CPO) fur- 283

ther enhances translation quality. Our proposed 284

StarPO consistently outperforms standard CPO 285

5huggingface.co/meta-llama/Llama-3.
1-8B-Instruct

6huggingface.co/Qwen/Qwen2.5-7B-Instruct
7huggingface.co/Qwen/Qwen3-4B-Instruct-2507
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⇒ ⇐ ⇒ ⇐ ⇒ ⇐ ⇒ ⇐ ⇒ ⇐

Base 72.23 74.89 71.60 80.13 72.49 58.80 80.65 80.75 80.53 78.62 75.07
+ SFT 76.81 80.01 83.79 81.47 75.42 75.41 82.37 80.69 80.66 83.49 80.01

+ CPO 81.10 79.94 83.98 82.42 75.50 75.05 82.51 81.43 81.45 84.60 80.80
+ StarPO 81.55 80.11 84.05 82.50 76.33 77.08 82.53 81.71 82.03 84.91 81.28

Base 81.57 80.40 83.31 79.09 77.60 73.97 81.94 78.35 81.33 84.34 80.19
+ SFT 82.01 80.89 83.61 80.02 77.68 74.45 82.26 81.65 81.75 84.73 80.91

+ CPO 81.94 80.97 84.01 81.14 78.27 74.56 82.59 81.79 81.65 84.71 81.16
+ StarPO 82.27 81.33 84.06 81.89 78.22 74.58 82.70 82.12 81.79 85.21 81.42

Base 81.47 80.31 83.63 80.87 77.43 76.78 81.58 84.03 80.21 84.01 81.03
+ SFT 81.71 80.88 83.65 81.50 77.37 76.87 82.19 84.04 80.46 84.70 81.34

+ CPO 81.77 80.90 83.56 81.55 77.79 76.92 82.23 84.01 81.20 84.67 81.46
+ StarPO 82.24 81.17 83.84 82.07 78.00 76.93 82.43 84.21 81.48 84.93 81.73

Tower+ 80.53 80.18 84.01 82.57 75.85 76.34 82.58 81.66 82.46 84.81 81.10
GPT-4o 77.42 80.64 83.87 82.84 77.88 69.32 82.36 84.73 83.31 84.83 80.72
Deepseek-R1 79.52 79.10 82.19 82.90 77.92 75.96 81.90 84.97 82.56 82.71 80.97

System
Zh ⇔ En De ⇔ En De ⇔ Zh Ru ⇔ En En ⇔ Es

Avg.

LLAMA-3.1-8B-INSTRUCT

QWEN2.5-7B-INSTRUCT

QWEN3-4B-INSTRUCT

OTHER SYSTEMS

Table 2: Performance in dCOMET score on the News-Commentary test set. Bold scores represent the global best
performance and underlined scores represent the global second-best performance. Blue text background indicates
that the improvement over the origin Base model achieves at least 85% accuracy with the human judgment (Xu
et al., 2024; Kocmi et al., 2024b). Specifically, the improvement needs a minimin of ≥ 0.71 for wmt22-comet-da.

⇒ ⇐ ⇒ ⇐ ⇒ ⇐

Base 53.66 64.33 52.31 66.36 60.28 62.04
+ SFT 62.70 65.42 67.96 73.33 75.27 72.75
+ CPO 63.01 68.70 69.04 73.95 75.22 72.92
+ StarPO 63.43 72.17 72.15 74.61 77.50 73.79

Base 70.22 71.99 64.11 73.04 55.74 73.31
+SFT 70.42 69.54 66.66 73.03 75.86 72.23
+CPO 70.20 71.23 66.51 73.69 74.63 72.78
+StarPO 70.64 72.13 70.72 73.94 77.46 75.00

Base 63.61 68.64 68.01 73.76 72.98 73.04
+SFT 68.61 69.77 69.41 75.08 76.48 75.06
+CPO 68.77 71.02 69.01 74.84 76.49 73.83
+StarPO 70.13 72.21 70.20 75.20 76.53 75.44

Tower+ 69.39 65.92 54.41 72.89 70.39 66.48
GPT-4o 69.58 73.61 53.24 73.91 55.35 70.65
Deepseek 62.86 69.58 64.51 70.30 71.53 67.35

System
Zh ⇔ En Zh ⇔ De Zh ⇔ Ru

LLAMA-3.1-8B-INSTRUCT

QWEN2.5-7B-INSTRUCT

QWEN3-4B-INSTRUCT

OTHER SYSTEMS

Table 3: Performance in dCOMET on Guofeng test set.

and achieves the best average performance across286

models. For instance, on LLaMA-3.1, StarPO ob-287

tains an average improvement of 0.48 COMET288

over standard CPO. Importantly, these gains are289

stable across model scales. With StarPO, the com-290

pact Qwen3-4B model outperforms strong SOTA291

and competitive systems, including Tower-plus-292

9B, GPT-4o, and DeepSeek-R1. This highlights293

the effectiveness of structural alignment prefer-294

ence optimization for document-level translation.295

Performance on Guofeng. Results on the296

Guofeng dataset (Table 3) further highlight the ro-297

bustness of our approach in a challenging literary 298

domain. It is worth noting that literary transla- 299

tion typically does not adhere to rigid 1-to-1 lit- 300

eralism, often employing complex sentence map- 301

pings for stylistic flow. Although StarPO enforces 302

strict 1-to-1 alignment constraints during the train- 303

ing phase, our evaluation protocol (dCOMET) re- 304

mains inclusive of valid complex mappings. The 305

significant performance gains suggest that this 306

strict training signal does not negatively impact lit- 307

erary flexibility; instead, it effectively mitigates se- 308

vere generative pathologies - such as language mis- 309

matches, omissions, and hallucinations - thereby 310

ensuring the structural integrity required for coher- 311

ent document translation. For example, the base 312

model of LLaMA-3.1-Instruct fails to generate 313

valid outputs in certain language directions (e.g., 314

52.31 COMET on Zh⇒De), and even GPT-4o 315

shows limited adaptation to the target style. In con- 316

trast, StarPO consistently improves performance 317

across all backbones, yielding substantial gains 318

over both SFT and CPO. With StarPO, Qwen3- 319

4B achieves the best performance in several di- 320

rections, significantly outperforming GPT-4o (e.g., 321

+15.0 COMET on Zh ⇒ En). These results in- 322

dicate that smaller models, when trained with 323

structural-alignment preference optimization, can 324

outperform massive generalist models on complex, 325

stylized document-level translation tasks. 326
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Metric Spearman Pearson Kendall
(ρ) (r) (τ )

Ground Truth 1.0000 1.0000 1.0000

LLM-judge (Appendix C) 0.7951 0.8321 0.8015

Align-then-Slide 0.4169 0.3783 0.2926
SEGALE 0.3853 0.4353 0.2859

Token Ratio -0.0229 0.0211 -0.0013
Sentence Ratio 0.2300 0.2684 0.1783
Sentence Count Difference -0.2040 -0.2281 -0.1583

STAR (Default) 0.7524 0.7459 0.7625
w/o SaT (use Spacy) 0.7155 0.6602 0.6132
w/o LaBSE (use M3) 0.7396 0.6621 0.6391

LLM-based Evaluation

Existing Alignment Methods

Simple Heuristics

Ours (STAR Variants)

Table 4: Correlation analysis of various metrics with
ground-truth structural noise levels.

4 Discussions327

4.1 Robust Analysis of STAR328

To validate whether STAR accurately reflects329

structural fidelity, we conduct a sensitivity analy-330

sis using a constructed perturbation dataset. Start-331

ing from WMT24 (Kocmi et al., 2024a) test set,8332

we introduce synthetic structural noise into tar-333

get documents by randomly (1) inserting irrelevant334

sentences (simulating hallucinations), (2) deleting335

sentences (simulating omissions) , or (3) swap-336

ping sentence positions (simulating complex align-337

ments) at ratios varying from 0% to 20%. We then338

compute Spearman (ρ), Pearson (r) and Kendall339

(τ ) correlations between metric scores and ground-340

truth noise labels. The results are summarized in341

Table 4. Furthermore, we conduct two additional342

analyses: one on a dataset containing only inser-343

tions and deletions to isolate content errors, and344

another on the full dataset using a "relaxed" STAR345

variant where complex alignments are treated as346

positive matches (numerator) rather than penalties.347

See Appendix G for detailed results.348

Comparison with Existing Alignment Meth-349

ods. STAR relies on sentence-level alignment350

as an intermediate step. We benchmark against351

sentence-level alignment methods like Align-then-352

Slide (Guo et al., 2025c) and SEGALE (Wang353

et al., 2025e) by explicitly computing STAR354

from their intermediate alignment outputs. Re-355

sults show that our Bertalign-based implementa-356

tion achieves substantially higher correlation with357

structural errors (ρ ≈ 0.75 vs. 0.38). This con-358

8github.com/wmt-conference/wmt24-news-systems

firms that precise, fine-grained sentence alignment 359

is a prerequisite for reliably measuring structural 360

fidelity in Doc2Doc translation. 361

Comparison with Length-based Heuristics. 362

We compare STAR with length-based heuris- 363

tics (Peng et al., 2025a; Guerreiro et al., 2023; 364

Shao et al., 2024a; Hu et al., 2025; Domhan and 365

Zhu, 2025), including Token Ratio, Sentence Ra- 366

tio, and Sentence Count Difference. As shown in 367

Table 4, these metrics exhibit weak correlations, 368

failing to detect various structural noise when over- 369

all document length is preserved. STAR’s supe- 370

rior sensitivity confirms that assessing structural fi- 371

delity requires verifying sentence-level alignment 372

rather than relying on surface-level statistics. 373

Comparison to LLM-as-a-Judge Implemen- 374

tation. We further compare STAR with the 375

LLM-as-a-judge version that explicitly assesses 376

document-level structural alignment using 377

Gemini-2.5-Flash. LLM-judge achieves the 378

highest correlation with injected structural noise 379

(ρ = 0.79), reflecting its strong semantic rea- 380

soning capability. Notably, STAR attains a 381

comparable correlation (ρ = 0.75), indicating that 382

it captures structural fidelity in a manner consis- 383

tent with LLM-based judgments. This suggests 384

that STAR provides a reliable and reproducible 385

alternative signal for structural assessment that 386

is consistent with LLM-based judgments and 387

suitable for practical evaluation settings. 388

Ablation Study on STAR Components. We 389

evaluate the contribution of key STAR compo- 390

nents through ablation experiments: Segmenta- 391

tion: Replacing SaT with Spacy (Honnibal et al., 392

2020) reduces correlation from ρ ≈ 0.75 to 0.72. 393

This indicates that STAR is relatively robust to sen- 394

tence boundary conditions. Encoding: Switching 395

the embedding model from LaBSE (Feng et al., 396

2022) to M3 (Chen et al., 2025a) yields a slight 397

decrease in correlation (0.75 vs. 0.74), indicating 398

that STAR is relatively robust to the choice of se- 399

mantic encoder. 400

4.2 Comparison with Alternative 401

Optimization Baselines 402

To thoroughly evaluate the effectiveness of our 403

framework, we compare STAR-masked prefer- 404

ence optimization against a diverse set of alterna- 405

tives, including different data ranking signals and 406

online reinforcement learning (RL) strategies. For 407
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illustration, we use LLaMA-3.1-8B on Zh ⇔ En408

as a representative. Table 5 shows the results.409

Effect of Ranking Metrics on Preference Data410

Construction. We evaluate the impact of rank-411

ing signals by substituting STAR with COMET,412

COMETKiwi, BLEU, and word-level alignment413

coverage (Wu et al., 2024c, 2023), under a strictly414

controlled data budget identical to our main ex-415

periment. As shown in Table 5, STAR signifi-416

cantly outperforms all baselines despite the equal-417

ized data size. Notably, its superiority over418

sentence-level methods (He et al., 2024; Agrawal419

et al., 2024; Tang et al., 2025) confirms that420

discourse-level structural fidelity is best captured421

via sentence-to-sentence correspondence.422

Comparison with RL We further benchmark423

our method against standard online RL strate-424

gies (GRPO (Shao et al., 2024b), GSPO (Zheng425

et al., 2025)). Following recent approaches (Feng426

et al., 2025a,b; He et al., 2025), we directly in-427

ject COMET and STAR scores into the reward428

function for these baselines. As observed in the429

middle section of Table 5, while online meth-430

ods utilizing self-generated data generally un-431

derperform our offline framework, GSPO paired432

with STAR achieves competitive results (80.16433

COMET). This indicates that while our offline op-434

timization (StarPO) is more effective, STAR nev-435

ertheless functions as a robust and high-quality re-436

ward signal within RL paradigms. Detailed com-437

parisons with other standard offline preference op-438

timization algorithms (e.g., DPO (Rafailov et al.,439

2023), SimPO (Meng et al., 2024), ORPO (Hong440

et al., 2024)) are provided in Appendix H.441

Ablation Studies To further dissect the source442

of our gains, we examine two specific variants in443

the bottom section of Table 5:444

(1) SFT on Preference Data: To isolate the gain445

attributed to data quality, we fine-tune the model446

solely on the preferred responses (yw) from our447

curated pairs. This baseline yields impressive448

performance (80.41 and 80.02 COMET), indicat-449

ing that our STAR-based curation filters for high-450

quality data. However, our full framework still451

outperforms this strong baseline (+1.14 and +0.09452

COMET), demonstrating that the preference op-453

timization objective effectively leverages the con-454

trastive signal beyond simple supervised imitation.455

Method Zh ⇒ En En ⇒ Zh

BLEU Ranking 76.55 79.71
COMET Ranking 81.01 79.78
COMETKiwi Ranking 80.56 79.73
Word-level Coverage 75.94 79.46

GRPO (w. COMET) 77.73 79.50
GRPO (w. STAR) 77.79 79.44
GRPO (w. COMET + STAR) 77.76 79.76
GSPO (w. COMET) 77.94 79.77
GSPO (w. STAR) 80.16 80.00
GSPO (w. COMET + STAR) 77.72 79.97

SFT on preference data 80.41 80.02
STAR (Relaxed) 80.09 79.59
Random Mask (Sentence level) 81.18 80.05
Random Mask (Token level) 81.17 80.06
CPO 81.10 79.94
Ours (StarPO) 81.55 80.11

Data Ranking Metrics

Online RL Strategies

Our Variants

Table 5: COMET scores comparison against alternative
optimization strategies. Word-level Coverage is calcu-
lated via WSPAlign (Wu et al., 2024c, 2023).

(2) STAR (Relaxed): We treat complex align- 456

ments as valid matches. Empirically, this relax- 457

ation dilutes the discriminative power, making it 458

difficult to establish a sufficient score margin for 459

pair selection. Consequently, the volume of qual- 460

ifying training data drops significantly, leading 461

to degraded performance. This confirms that the 462

strict penalization in our standard STAR metric is 463

crucial for generating the sharp preference signals 464

required for effective training, as further illustrated 465

by the score distribution analysis in Appendix I. 466

(3) Random Masking: We further investigate 467

the effect of loss masking by randomly masking 468

10% of tokens at both the sentence and token lev- 469

els. We find that masking serves as an effective 470

regularizer (Gu et al., 2025), outperforming the 471

full-token SFT baseline. This suggests that cal- 472

culating the loss on a subset of tokens is inher- 473

ently beneficial; however, our StarPO consistently 474

achieves superior results, demonstrating the advan- 475

tage of using semantic-aware importance signals 476

over random selection. See Appendix J for de- 477

tailed analysis of why and how masking works. 478

4.3 LLM-as-a-judge Metrics Results 479

Following Sun et al. (2025b), we complement 480

automated metrics with LLM-as-a-judge metrics 481

along multiple orthogonal dimensions, including 482

fluency, content errors, and coherence errors. To 483

avoid self-preference bias (Chen et al., 2025b), we 484

use Gemini-2.5-Flash for all systems. The results 485
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Fluency ↑ Content ↓ Cohesion ↓

Base 3.67 2.33 1.95
+ SFT 3.94 1.96 1.70
+ CPO 3.97 1.90 1.58
+ StarPO 3.99 1.40 1.27

Base 3.97 1.64 1.38
+ SFT 4.12 1.63 1.30
+ CPO 4.40 1.39 1.02
+ StarPO 4.45 1.16 0.95

Base 4.39 1.46 1.13
+ SFT 4.51 1.44 1.11
+ CPO 4.58 1.23 0.91
+ StarPO 4.59 1.17 0.89

Tower+ 4.05 1.29 1.14
GPT-4o 4.18 1.26 1.12
Deepseek-R1 4.37 1.37 1.20

LLAMA-3.1-INSTRUCT

QWEN-2.5-7B-INSTRUCT

QWEN-3-4B-INSTRUCT

OTHER SYSTEMS

Table 6: LLM-as-a-judge evaluation results. ↑ indi-
cates higher scores are better, while ↓ indicates lower
scores are better.

of News-Commentary Zh ⇒ En are shown in Ta-486

ble 6. StarPO consistently achieves superior per-487

formance across all dimensions and model fami-488

lies, outperforming both standard CPO and strong489

baselines like Tower+ and GPT-4o.490

5 Related Work491

5.1 Document-level Machine Translation492

LLM-based document-level machine translation493

generally falls into two paradigms: Doc2Sent494

(context-aware), which treats documents as se-495

quences of sentence-level tasks, and Doc2Doc,496

which processes documents holistically.497

In Doc2Sent style, training-free approaches rely498

on prompting strategies, such as context injec-499

tion (Wang et al., 2023; Sia and Duh, 2023;500

Moslem et al., 2023; Zhang et al., 2023a; Lee et al.,501

2025; Lippmann et al., 2025; Cui et al., 2024; Peng502

et al., 2025b; Hu et al., 2025), employing self-503

refinement or memory-based agents (Wang et al.,504

2025f; Guo et al., 2025b; Koneru et al., 2024).505

Fine-tuning strategies enhance models via various506

approaches in data construction (Lyu et al., 2024;507

Wu et al., 2024a; Zhang et al., 2023b; Stap et al.,508

2024), and Tower series (Alves et al., 2024; Rei509

et al., 2024, 2025; Ramos et al., 2025) represent510

a prominent example. Recent works further ana-511

lyze the mechanics of context usage (Mąka et al.,512

2025b,a; Mohammed and Niculae, 2025; Choud-513

hary et al., 2025).514

Doc2Doc approaches aim for holistic transla- 515

tion through long-context training (Pang et al., 516

2025; Li et al., 2026), iterative or agentic refine- 517

ment (Dong et al., 2025; Li et al., 2025c; Briakou 518

et al., 2024; Wu et al., 2024b), and input optimiza- 519

tion strategies like segmentation or knowledge fu- 520

sion (Hong et al., 2025; Liu et al., 2025). For eval- 521

uation, recent works (Guo et al., 2025a,c; Domhan 522

and Zhu, 2025; Wang et al., 2025e; Steingrimsson 523

et al., 2023) predominantly rely on source-target 524

sentence alignment to assess document quality. 525

5.2 Reinforcement Learning for MT 526

As references are not necessarily superior to LLM 527

generations, RL (Ouyang et al., 2022) becomes es- 528

sential for advancing MT. Recent research focus 529

on training specialized reward models (Li et al., 530

2025a; Feng et al., 2025c; Ramos et al., 2024; Tan 531

and Monz, 2025) to guide this process. 532

RL approaches are generally categorized into 533

online and offline methods. Online methods and 534

reward-based methods, commonly use Quality Es- 535

timation models as reward models. (He et al., 536

2024). Such online frameworks is also compati- 537

ble for training large reasoning models (He et al., 538

2025; Feng et al., 2025a,b; Wang et al., 2025b,c,d; 539

Li et al., 2025b). Typically, these methods apply 540

various items into reward models. Conversely, of- 541

fline methods like DPO (Rafailov et al., 2023) and 542

its variants (Ethayarajh et al., 2024; Meng et al., 543

2024; Xu et al., 2024, 2025; Zeng et al., 2024) 544

rely on pre-curated preference datasets for stabil- 545

ity. Various metrics and approaches are proposed 546

to construct and leverage these datasets. (Sun et al., 547

2025a; Cui et al., 2025; Wu et al., 2024c; Tang 548

et al., 2025; Zhong et al., 2025; Agrawal et al., 549

2024; Wang et al., 2025a; Yang et al., 2024). 550

6 Conclusion 551

To address structural misalignment in Doc2Doc 552

translation, we introduce STAR, a metric for 553

evaluating document-level structural fidelity, and 554

StarPO, a preference optimization framework 555

that utilizes dynamic masking to target omissions 556

and hallucinations. Experiments demonstrate that 557

StarPO enables compact models to surpass mas- 558

sive proprietary systems like GPT-4o in translation 559

quality while significantly improving token effi- 560

ciency. This work establishes a robust paradigm 561

for faithful, "in-one-go" long-document transla- 562

tion without complex agentic workflows. 563

8



Limitations564

First, in “in-one-go” Doc2Doc scenarios, estab-565

lishing sentence-level alignment is an unavoidable566

prerequisite for calculating any fine-grained qual-567

ity metric (e.g., d-COMET). Second, while en-568

forcing 1-to-1 alignment effectively mitigates hal-569

lucinations, it imposes a structural rigidity that570

could theoretically discourage valid complex map-571

pings in stylized texts, though our empirical re-572

sults suggest this impact is minimal. Third, our573

experimental validation is currently concentrated574

on compact models (4B to 9B parameters) and575

high-to-medium resource languages. Validating576

the scalability of StarPO to larger architectures577

(e.g., 70B+) and low-resource languages remains578

a critical direction for future research. Finally, re-579

garding data construction, we currently leverage580

proprietary models (e.g., GPT-4o) to augment can-581

didate diversity. Although the selection of high-582

quality samples is strictly governed by our own583

STAR metric, this reliance on commercial APIs584

for initial generation currently prevents a fully end-585

to-end open-source pipeline. Future work aims to586

substitute this step with open-source alternatives,587

thereby enabling a completely offline-deployable588

training framework.589
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A Efficiency Analyses1080

Figure 2 compares the alignment score vs. token1081

consumption among several typical Doc2Sent and1082

Doc2Doc systems.1083

• Doc2Sent (w=3): Adopts a standard slid-1084

ing context window strategy, similar to Wu1085

et al. (2024a); Lyu et al. (2024); Koneru et al.1086

(2024); Cui et al. (2024) where the current1087

sentence is translated by conditioning on the1088

source and target history of the preceding 31089

sentences (i.e. w=3).1090

• Doc2Sent (Source-primed): Models docu-1091

ment translation as a sequential multi-turn1092

dialogue, requiring the model to translate1093

sentence-by-sentence while maintaining the1094

full conversation history. (Hu et al., 2025)1095

• Doc2Sent (DelTA): An agentic framework1096

that leverages autonomous agents to han-1097

dle context-aware sentence translation (Wang1098

et al., 2025f).1099

• Doc2Doc (KFMT): Incorporates auxiliary1100

knowledge via multi-turn interactions prior1101

to generating the full document (Liu et al.,1102

2025). We evaluate two variants: one using1103

explicit sentence delimiters to structure the1104

output, and one generating raw text without1105

delimiters.1106

• Doc2Doc (DocRefine): A multi-stage trans-1107

lation refinement approach that first generates1108

two drafts and then iteratively improves the1109

document’s coherence and accuracy (Dong1110

et al., 2025).1111

• Doc2Doc (Mix-level SFT): We use trained1112

models by MixSFT (Li et al., 2026). Simi-1113

lar to KFMT, this is evaluated both with and1114

without sentence delimiters.1115

• Doc2Doc (DeepSeek-R1): Represents state-1116

of-the-art Large Reasoning Models (LRMs),1117

leveraging intrinsic chain-of-thought reason-1118

ing capabilities for complex translation tasks.1119

• Doc2Doc(GPT-4o): Serves as a strong pro-1120

prietary baseline, queried using standard1121

document-level translation prompts without1122

additional fine-tuning.1123

104 105
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90
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100

Sc
or

e 
(%

)

StarPO (Ours)
Sent-wise
Doc2Doc (LLMs)
Doc2Doc (w/o Split Token)
Doc2Doc (w. Split Token)
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Delta

Source-primed

DocRefine

Mix-level SFT
(w/o Split)

KFMT
(w/o Split)

Deepseek-R1

GPT-4o
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(w. Split)
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(w. Split)

Figure 2: Alignment score vs. Token Consumption.
We compare our proposed StarPO against various
baselines, including sentence-level systems, document-
level baselines, and proprietary LLMs (e.g., GPT-4o,
Deepseek-R1). Note that the x-axis is plotted on a log-
arithmic scale (10n).

• Doc2Doc(StarPO): Our proposed frame- 1124

work that optimizes the model using pref- 1125

erence pairs curated via the STAR metric, 1126

specifically designed to enforce strict struc- 1127

tural alignment alongside semantic fidelity. 1128

B Detailed Case Study 1129

While the STAR metric promotes strict 1-to-1 sen- 1130

tence alignment, it is crucial to understand why de- 1131

viations from this pattern typically indicate degra- 1132

dation in translation quality. In this section, we 1133

categorize common alignment pathologies and an- 1134

alyze their negative impact on fidelity, readability, 1135

and information completeness. As summarized in 1136

Figure 3, each non-1-to-1 alignment type corre- 1137

sponds to specific translation errors: 1138

• k-to-1 (Information Loss via Merging): 1139

While merging sentences can sometimes be 1140

a stylistic choice, automated systems fre- 1141

quently use it to compress information, result- 1142

ing in the loss of nuanced details or the omis- 1143

sion of secondary clauses from the source. 1144

• 1-to-k (Distortion via Splitting): Splitting 1145

a single coherent sentence into multiple frag- 1146

ments often disrupts the discourse flow. It can 1147

not only introduce redundant subjects or un- 1148

natural pauses but also sometimes leads to in- 1149

formation loss, where subordinate clauses or 1150

subtle nuances are inadvertently omitted dur- 1151

ing fragmentation, where subordinate clauses 1152

or subtle nuances are inadvertently omitted 1153

during fragmentation. 1154
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Align type Source Text Target Text
1-to-0 The proposal was accepted unanimously. 

However, concerns regarding the budget remain.
提案全票通过。

0-to-1 The weather forecast predicts rain tomorrow. 天气预报显示明天有雨。
建议居民待在室内。

k-to-1 The CEO finished his speech and stepped off the podium.
The audience burst into applause.

CEO结束演讲时，观众爆发出了热烈的掌声。

1-to-k This new pattern - which persisted through the 1908s and 
1990s, and accelerated after 2000 - caused inequality to rise 
sharply, weakening the foundations of globalization.

这个新的模式一直持续到 80 年代 90 年代，甚至加速
了。
 
在此期间，贫富差距急剧扩大，这削弱了全球化根基。

k-to-k’ But, in my view, Trump seems to be sending a deeper 
message about corporate decision-making. 
 
Despite Trump’s own business record – which, his opponents 
will point out, includes multiple bankruptcies and non-
payment of contractors and their workers – it’s possible that 
he is now trying to change a business and investment culture 
that elevates the interests of capital, corporations, and 
shareholders, and treats labor as expendable.

但我的看法是，特朗普希望传递一个更深层次的信息：
资本、公司和股东的利益比工人的价值更重要。
 
考虑到特朗普自己的商业记录，包括教宗破产案以及
欠薪拖欠承包商和他们的工人——他的政敌会争辩说，
所以这是一个颠覆过去两百年来的商业和投资思潮的
时候了。

Figure 3: Detailed case study illustrating alignment challenges: (1) 1-to-0 alignments result in obvious source
omissions; (2) 0-to-1 alignments contain hallucinations not present in the original text; (3) k-to-1 alignments
exhibit lowered readability; (4) 1-to-k alignments risk semantic loss; and (5) k-to-k’ alignments scramble sentence
order, impeding source correspondence. Corresponding texts in the source and target are highlighted in red and
blue, respectively.

• k-to-k’ (Structural Chaos): Complex many-1155

to-many alignments often indicate a break-1156

down in the linear correspondence of the1157

document. Although the semantic informa-1158

tion might be partially preserved, the reorder-1159

ing of logic and the scrambling of sentence1160

boundaries significantly reduce readability1161

and increase the cognitive load for the reader.1162

C LLM-judge version of STAR1163

To validate the accuracy of our automated STAR1164

metric, we implement an LLM-based version us-1165

ing the prompt template illustrated in Figure 4.1166

This prompt is designed to simulate human-level1167

judgment on document structure.1168

D Data Statistics1169

In this section, we provide detailed statistics re-1170

garding the bilingual parallel corpora utilized in1171

our experiments: the News-Commentary dataset1172

and the Guofeng dataset. The statistical sum-1173

maries for these datasets are presented in Table 71174

and Table 8, respectively.1175

The News-Commentary dataset encompasses1176

a diverse range of language pairs, including1177

Chinese-English (ZH⇔EN), Chinese-German1178

(ZH⇔DE), Russian-English (RU⇔EN), German-1179

English (DE⇔EN), and Spanish-English1180

(ES⇔EN). The Guofeng dataset primarily1181

focuses on pairs involving Chinese, specifically1182

Dataset #Document
Train/Valid/Test

#Document
for StarPO

Average
Tokens

Max
Tokens

De ⇒ En 8.4K/150/150 1,008 1,797 6,540
En ⇒ De 8.4K/150/150 734 1,066 4,065
Es ⇒ En 9.7K/150/150 3,325 1,643 6,293
En ⇒ Es 9.7K/150/150 3,937 1,071 4,146
Ru ⇒ En 7.3K/150/150 1,744 1,776 7,951
En ⇒ Ru 7.3K/150/150 1,491 1,079 5,557
Zh ⇒ En 8.6K/150/150 1,253 1,377 4,425
En ⇒ Zh 8.6K/150/150 1,753 1,090 3,609
Zh ⇒ De 7.7K/150/150 2,504 1,357 5,912
De ⇒ Zh 7.7K/150/150 1,364 1,828 7,215

Table 7: Statistics of the News-Commentary dataset.

Chinese-Russian (ZH⇔RU), Chinese-English 1183

(ZH⇔EN), and Chinese-German (ZH⇔DE). 1184

For each dataset and language direction, we re- 1185

port four key metrics based on document-level 1186

analysis: the quantity of documents across the 1187

training, validation, and test splits; the size of the 1188

dataset used for preference optimization; the aver- 1189

age number of tokens per document; and the maxi- 1190

mum number of tokens found in a single document 1191

within the corpus. 1192

E Implementation Details 1193

We implement our experiments in ms-swift (Zhao 1194

et al., 2025)9. During fine-tuning, we adapt 1195

LoRA (Hu et al., 2021). We set LoRA rank to 8 1196

and LoRA alpha to 16 , respectively. The models 1197

9https://github.com/modelscope/ms-swift
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Prompts for LLM-judging STAR

You are an expert in Bitext Alignment and Translation Quality Assessment. 
Please split the source and target documents into sentences, align the source sentences and target 
sentences and calculate the Sentence Translation  Alignment Rate.

- Task: Segment the texts into aligned groups/units.
- Classify Units: Classify each unit into one of the following categories:
      -   1-to-1 (Strict Match): 1 Source sentence aligns exactly to 1 Target sentence.
      -   1-to-k (Split): 1 Source sentence is split into N Target sentences (k>1).
      -   k-to-1 (Merge): k Source sentences are merged into 1 Target sentence (k>1).
      -   k-to-k’ (Cross/Complex): k Source sentences align to k’ Target sentences as a block (k>1, k’>1).
      -   1-to-0 (Omission): 1 Source sentence has no corresponding translation.
      -   0-to-1 (Hallucination): 1 Target sentence has no corresponding source sentence.
- Calculation Formula: Count the number of Alignment Units (relationships), not sentences. 
     For example, a "1-to-3" split counts as 1 unit. 
           $$ Score = \frac{Count_{1:1}}{Count_{Total}} $$
           where $Count_{Total}$ is the sum of the counts of all 6 types listed above.
- Output Format:
      First, provide a "Reasoning Step" listing any non-1-to-1 alignments found (e.g., "Source [5] -> Target 
[5,6] (Split)"). 
      Then, strictly output the metrics in JSON format: 
      ```json
{"count_1_to_1": <int>, "count_1_to_n": <int>, "count_n_to_1": <int>, "count_n_to_m": <int>, 
"count_1_to_0": <int>, "count_0_to_1": <int>, "total_units": <int>, "alignment_rate": <float>}
      ```

- Input Data:
      - Source Text: 
         ```
         <src_doc>
         ```
      - Target Text:
        ```
        <tgt_doc>
        ```

Figure 4: The prompt template used for the LLM-as-a-judge implementation of STAR. The final score is calculated
strictly based on the ratio of 1-to-1 matches to total alignment units, serving as a high-precision reference for
validating our automated metric.

Dataset #Document
Train/Valid/Test

#Document
for StarPO

Average
Tokens

Max
Tokens

Zh ⇒ En 22.0K/25/25 2.0K 1,853 12,961
En ⇒ Zh 22.0K/25/25 2.0K 1,624 10,956
Zh ⇒ De 6.0K/30/30 2.0K 1,927 7,962
De ⇒ Zh 6.0K/30/30 2.0K 2,392 9,909
Zh ⇒ Ru 6.0K/30/30 2.0K 1,991 6,134
Ru ⇒ Zh 6.0K/30/30 2.0K 2,470 7,514

Table 8: Statistics of the Guofeng dataset.

are trained for 1 epoch using AdamW optimizer1198

with learning rate of 1 × 10−4, warmup ratio of1199

0.05. We set β to 0.1. Our experiments run on1200

one NVIDIA H100 GPU, requiring approximately1201

1 hour for training. During inferencing, we set tem-1202

perature to 0.3, beam size to 1 in vllm (Kwon et al., 1203

2023) framework. The specific prompt template 1204

used in our experiments is illustrated in Figure 5. 1205

F Detailed Metric Scores 1206

We report d-COMETKiwi scores (via 1207

wmt22-cometkiwi-da (Rei et al., 2022b)10) 1208

for the News-Commentary and Guofeng test 1209

sets in Tables 9 and 15. The structural fidelity 1210

of these systems, as measured by our proposed 1211

STAR score, is detailed in Tables 10 and 14. 1212

Additionally, we report the alignment results 1213

on the News-Commentary Zh ⇒ En dataset 1214

10https://huggingface.co/Unbabel/
wmt22-cometkiwi-da
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⇒ ⇐ ⇒ ⇐ ⇒ ⇐ ⇒ ⇐ ⇒ ⇐

Base 68.46 72.61 79.54 81.77 71.99 71.58 82.65 79.50 84.09 81.95 77.41
+ SFT 74.86 77.46 82.25 83.03 70.79 70.95 82.62 79.55 81.97 83.69 78.72

+ CPO 75.24 75.19 82.64 83.63 72.01 72.10 82.70 81.29 84.41 84.40 79.36
+StarPO 77.15 78.49 82.76 83.98 72.60 74.90 82.67 81.37 84.69 84.70 80.33

Base 73.78 73.33 79.66 80.93 74.29 69.01 80.99 77.71 78.29 81.10 76.91
+SFT 76.02 74.02 80.27 81.30 74.88 71.46 83.12 81.43 81.33 82.05 78.59

+CPO 77.90 79.08 82.04 82.14 75.70 72.29 83.04 81.75 83.61 84.20 80.09
+StarPO 78.35 79.21 82.67 82.26 75.99 72.51 83.39 83.05 84.15 84.66 80.62

Base 80.34 83.55 82.49 82.98 74.26 69.50 82.42 84.09 83.77 84.57 80.79
+SFT 80.53 83.99 82.48 83.19 74.12 69.96 82.86 84.15 83.86 84.63 80.98

+CPO 80.68 83.91 82.44 83.20 74.89 70.13 82.89 83.95 83.42 84.68 81.02
+StarPO 81.18 84.14 82.63 83.86 75.71 71.48 83.21 84.30 84.41 84.70 81.56

Tower+ 77.31 77.03 82.21 82.78 75.06 71.57 83.30 82.95 84.60 84.16 80.10
GPT-4o 76.92 78.40 82.35 81.79 75.38 71.91 82.93 83.46 83.02 84.33 80.05
Deepseek-R1 79.14 81.54 80.71 82.38 75.33 70.95 81.17 83.79 83.55 82.29 80.09

System
Zh ⇔ En De ⇔ En De ⇔ Zh Ru ⇔ En En ⇔ Es

Avg.

LLAMA-3.1-8B-INSTRUCT

QWEN2.5-7B-INSTRUCT

QWEN3-4B-INSTRUCT

OTHER SYSTEMS

Table 9: Performance in dCOMETKiwi scores on the News-Commentary test set. Bold scores represent the global
best performance and underlined scores represent the global second-best performance. Blue text background
indicates that the improvement over the origin Base model achieves at least 85% accuracy with the human judg-
ment (Kocmi et al., 2024b). Specifically, the improvement needs a minimin of ≥ 0.67 for wmt22-cometkiwi-da.

Prompts for In-one-go Document-level Translation

Translate this document into <tgt_lang> without 
any explanations.

```
<src_doc>
```

Figure 5: The universal prompt template used for
document-level translation. To ensure a fair compari-
son and eliminate prompt engineering variance, we ap-
ply this standardized Doc2Doc instruction across all ex-
periments. <tgt_lang> represents the target language,
and <src_doc> represents the source document, respec-
tively.

evaluated by Gemini-2.5-Flash using the prompt1215

from Appendix C, as shown in Table 11.1216

G Detailed Robust Analyses of STAR1217

Performance under Relax Constraints. To fur-1218

ther assess robustness, we conduct a sensitivity1219

analysis using a Relax evaluation protocol. Un-1220

like the strict 1-to-1 requirement used for training1221

data selection, this setting treats all aligned con-1222

tentincluding complex mappings (k-to-k’, 1-to-k,1223

k-to-1)as valid positive matches: 1224

STARrelax(S, T ) =
|U1:1|+ |Ucomplex|

|U1:1|+ |U1:0|+ |U0:1|+ |Ucomplex|
.

(6) 1225

Consequently, metrics are penalized exclusively 1226

for completely unaligned segments, correspond- 1227

ing to severe errors like hallucinations (0-to-1) or 1228

omissions (1-to-0). 1229

To ensure a fair comparison, we applied this 1230

same relaxation logic to all alignment-based base- 1231

lines, including Guo et al. (2025c); Wang et al. 1232

(2025e). As shown in Table 12, even under these 1233

looser constraints, STAR demonstrates superior 1234

sensitivity compared to other alignment methods 1235

and length-based heuristics. Notably, it achieves 1236

correlations (ρ = 0.7449) comparable to the LLM- 1237

judge (ρ = 0.7766), confirming that STAR accu- 1238

rately penalizes critical semantic errors while re- 1239

maining robust to acceptable structural shifts. 1240

Sensitivity to Insertions and Deletions (No 1241

Complex Alignments). To isolate the metric’s 1242

sensitivity to critical content errors without the in- 1243

terference of structural reordering, we constructed 1244

a "Simplified Structural Noise" dataset. In this 1245

setting, we strictly excluded complex alignment 1246

scenarios (e.g., n-to-m merges, splits, or sentence 1247

swaps). The dataset consists exclusively of 1-to- 1248

1 matches interspersed with varying ratios of pure 1249
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⇒ ⇐ ⇒ ⇐ ⇒ ⇐ ⇒ ⇐ ⇒ ⇐

Base 90.31 87.21 92.52 95.41 78.96 82.79 97.05 93.92 90.97 94.06 90.32
+ SFT 93.52 91.75 95.77 95.60 80.39 93.58 96.97 97.58 77.13 95.64 91.79

+ CPO 95.00 91.72 95.99 95.52 79.83 90.41 97.30 97.65 90.64 97.50 93.16
+StarPO 95.62 91.09 96.80 95.59 80.80 97.54 97.27 98.01 90.13 97.63 94.05

Base 94.97 93.92 95.85 95.10 61.80 92.03 98.05 86.87 96.02 97.33 91.19
+SFT 95.51 92.96 94.54 94.45 88.42 93.25 97.49 95.55 81.10 97.32 93.06

+CPO 95.40 93.36 95.89 95.36 95.92 92.49 97.64 95.54 92.83 97.56 95.20
+StarPO 96.07 95.67 96.55 95.36 96.83 93.12 98.15 97.71 96.21 97.37 96.30

Base 94.67 93.41 96.33 96.45 82.66 91.01 97.69 96.92 96.12 91.38 93.66
+SFT 95.02 92.92 96.48 91.05 83.03 91.26 97.48 95.35 95.36 96.12 93.41

+CPO 95.01 93.24 96.60 95.33 92.16 92.30 97.63 97.57 92.13 97.16 94.91
+StarPO 96.07 95.65 96.55 95.36 95.85 95.85 97.88 97.58 93.80 96.45 96.11

Tower+ 93.02 94.89 93.13 95.50 94.93 93.78 96.46 96.04 96.37 95.43 94.96
GPT-4o 93.07 91.28 91.58 92.10 94.82 92.86 93.74 93.76 93.88 93.14 93.02
Deepseek-R1 93.56 96.51 97.33 97.78 96.26 94.12 90.39 93.25 93.08 97.09 94.93

System
Zh ⇔ En De ⇔ En De ⇔ Zh Ru ⇔ En En ⇔ Es

Avg.

LLAMA-3.1-8B-INSTRUCT

QWEN2.5-7B-INSTRUCT

QWEN3-4B-INSTRUCT

OTHER SYSTEMS

Table 10: Performance in STAR score on News-Commentary test set, calculated by our proposed methods. Bold
scores represent the global best performance and underlined scores represent the global second-best performance.

Ideal Structural Deviations

1-to-1 1-to-0 0-to-1 Other

Base 92.59 2.08 0.17 4.15
+SFT 93.73 2.72 0.42 3.13

+CPO 95.42 0.33 0.75 3.50
+StarPO 95.79 1.95 0.14 2.12

Base 95.35 1.91 1.31 1.43
+SFT 96.63 0.98 1.60 0.79

+CPO 97.46 0.35 1.52 0.67
+StarPO 98.43 0.68 0.00 0.89

Base 94.72 0.72 0.33 4.23
+SFT 95.36 0.80 0.00 3.84

+CPO 98.02 0.22 0.00 1.76
+StarPO 98.09 0.64 0.00 1.27

Tower+ 94.48 2.68 0.74 2.10
GPT-4o 92.91 2.25 2.89 1.95
Deepseek-R1 95.03 4.85 0.03 0.09

System

LLAMA-3.1-8B-INSTRUCT

QWEN-2.5-7B-INSTRUCT

QWEN3-4B-INSTRUCT

OTHER SYSTEMS

Table 11: Calculating STAR scores in Chinese ⇒ En-
glish language direction on News-Commentary test set
by Gemini-2.5-Flash using prompts in Figure 4.

insertions (0-to-1, simulating hallucinations) and1250

deletions (1-to-0, simulating omissions).1251

As shown in Table 13, under this regime, STAR1252

significantly outperforms both existing alignment1253

methods (Guo et al., 2025c; Wang et al., 2025e)1254

and length-based heuristics. While simple heuris-1255

tics struggle to pinpoint local errors and other1256

alignment tools show limited correlation (e.g., ρ =1257

Metric Spearman Pearson Kendall
(ρ) (r) (τ )

Ground Truth 1.0000 1.0000 1.0000

LLM-judge (Appendix C) 0.7766 0.5947 0.6789

Align-then-Slide 0.4296 0.3928 0.2941
SEGALE 0.3912 0.4383 0.2940

Tokens Ratio 0.0024 0.0391 -0.0013
Sentence Ratio 0.2040 0.2281 0.1523
Sentence Count Difference 0.1528 0.1048 0.1089

STAR (Default) 0.7449 0.7284 0.6814
w/o SaT (use Spacy) 0.5635 0.5777 0.4323
w/o LaBSE (use M3) 0.5864 0.6286 0.5281

LLM-based Evaluation

Existing Alignment Methods

Simple Heuristics

Ours (STAR Variants)

Table 12: Correlation analysis under the “Relaxed”
setting. In this variant, complex alignments (n-to-
m) are counted as valid matches rather than penal-
ties; scores decrease only for unaligned segments (in-
sertions/deletions). This protocol is uniformly applied
to all alignment baselines to ensure comparable condi-
tions.

0.28 for Guo et al. (2025c)), STAR achieves a 1258

strong correlation (ρ = 0.67), demonstrating its 1259

superior capability in detecting fundamental hal- 1260

lucinations and omissions even in the absence of 1261

complex structural permutations. 1262
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Metric Spearman Pearson Kendall
(ρ) (r) (τ )

Ground Truth 1.0000 1.0000 1.0000

LLM-judge (Appendix C) 0.8015 0.6675 0.6756

Align-then-Slide 0.2857 0.3248 0.2220
SEGALE 0.4165 0.4002 0.3591

Tokens Ratio 0.0071 0.0406 0.0022
Sentence Ratio 0.2558 0.3109 0.1957
Sentence Count Difference 0.2351 0.1637 0.1758

STAR (Default) 0.6686 0.6048 0.6328
w/o SaT (use Spacy) 0.4382 0.5663 0.5020
w/o LaBSE (use M3) 0.4983 0.4672 0.4723

LLM-based Evaluation

Existing Alignment Methods

Simple Heuristics

Ours (STAR Variants)

Table 13: Correlation analysis on the Inser-
tion/Deletion Only dataset. This constructed dataset
strictly excludes complex structural shifts (e.g., n-to-m
alignments, swaps). It isolates the metrics’ ability to
detect pure insertions (0-to-1) and deletions (1-to-0).

⇒ ⇐ ⇒ ⇐ ⇒ ⇐

Base 30.12 57.60 16.40 28.65 18.37 31.70
+ SFT 70.94 61.46 42.68 60.62 78.63 50.25
+ CPO 72.80 74.15 73.41 80.96 75.81 87.34
+ StarPO 74.29 76.84 75.97 84.39 80.34 87.94

Base 60.30 75.01 69.90 42.02 64.10 82.58
+SFT 58.42 90.47 75.36 61.71 63.39 80.81
+CPO 71.16 89.04 72.75 75.09 81.81 81.39
+StarPO 74.64 91.48 78.07 86.23 82.21 87.47

Base 54.98 76.23 28.15 84.42 69.53 55.95
+SFT 77.63 89.55 43.49 81.99 71.58 81.56
+CPO 78.29 90.11 67.10 87.16 72.77 76.54
+StarPO 83.74 89.65 77.04 87.47 76.87 83.18

Tower+ 62.68 84.39 72.87 86.46 69.10 91.44
GPT-4o 65.09 82.74 70.31 72.73 77.58 66.88
Deepseek 64.00 66.57 69.84 64.52 67.78 62.72

System
Zh ⇔ En Zh ⇔ De Zh ⇔ Ru

LLAMA-3.1-INSTRUCT

QWEN2.5-7B-INSTRUCT

QWEN3-4B-INSTRUCT

OTHER SYSTEMS

Table 14: STAR scores on Guofeng test set.

H Comparison with Offline Preference1263

Algorithms1264

To contextualize our method within the broader1265

RLHF landscape, we compare STAR-Masked1266

Preference Optimization against established of-1267

fline algorithms, including DPO (Rafailov et al.,1268

2023), SimPO (Meng et al., 2024), KTO (Etha-1269

yarajh et al., 2024), and ORPO (Hong et al.,1270

2024). Specifically, we evaluate on the Chinese-to-1271

English subset of the News-Commentary dataset.1272

The results are presented in Table 16, indicating1273

that vanilla DPO suffers from severe output col-1274

lapse; however, adding an SFT loss allows DPO1275

(+SFT) to match the performance of CPO. SimPO1276

⇒ ⇐ ⇒ ⇐ ⇒ ⇐

Base 62.05 61.81 11.68 23.16 21.24 23.15
+ SFT 62.79 63.12 51.29 60.17 54.15 56.68
+ CPO 65.10 63.20 52.99 61.10 54.20 56.40
+ StarPO 65.85 62.47 64.17 55.20 54.74 56.94

Base 69.75 73.11 51.64 64.30 55.53 60.90
+SFT 67.58 74.97 51.28 63.88 55.63 61.19
+CPO 69.62 77.54 53.06 65.35 55.99 61.50
+StarPO 69.82 77.73 53.80 66.69 56.33 61.73

Base 68.04 78.67 53.51 61.49 52.40 57.63
+SFT 67.86 78.84 53.52 61.83 53.73 58.12
+CPO 70.50 78.95 54.10 62.33 54.06 63.07
+StarPO 72.39 79.18 54.46 62.94 54.29 63.72

Tower+ 64.78 64.61 56.05 65.41 52.49 64.51
GPT-4o 65.35 77.43 48.09 55.75 46.09 60.79
Deepseek 61.92 54.93 48.23 54.84 48.08 49.29

System
Zh ⇔ En Zh ⇔ De Zh ⇔ Ru

LLAMA-3.1-INSTRUCT

QWEN2.5-7B-INSTRUCT

QWEN3-4B-INSTRUCT

OTHER SYSTEMS

Table 15: COMETKiwi scores on Guofeng test set.

Method COMET COMETKiwi

DPO 36.86 22.61
DPO (w. SFT loss) 80.69 75.60
SimPO 70.48 70.94
ORPO 80.23 74.94
KTO 80.30 75.04
CPO (Standard) 81.10 75.24

Ours (StarPO) 81.55 77.15

Table 16: Comparison of different offline preference
optimization algorithms.

also exhibits occasional output collapse on spe- 1277

cific entries. While KTO and SimPO prove to be 1278

effective, they yield slightly inferior results com- 1279

pared to CPO. Overall, our method demonstrates 1280

superior robustness and performance stability. 1281

I STAR Score Distribution 1282

To further investigate the impact of structural con- 1283

straints on preference pair construction, we visu- 1284

alize the score distributions of the standard STAR 1285

(Original) and its relaxed variant (STAR Relax) in 1286

Figure 6. 1287

As illustrated in the top panel, a vast majority of 1288

samples are clustered at the perfect score of 1.0 in 1289

the STAR (Relax) settings. The bottom panel of 1290

Figure 6 provides a more granular view by exclud- 1291

ing perfect 1.0 scores. Here, the contrast becomes 1292

more evident. 1293

J Theoretical Justification and In-Depth 1294

Analysis of Masking Strategies 1295

Below, we provide a theoretical justification for 1296

the experimental observations above. We analyze 1297

how the masking mechanism affects the reward 1298
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Figure 6: Histograms of metric scores for STAR (Orig-
inal) and STAR (Relax). The top plot displays the
full distribution including perfect matches (score=100
%) The bottom plot zooms in by excluding perfect
matches, highlighting that STAR (Original) maintains a
dense distribution of high-quality candidates, whereas
STAR (Relax) has sparse coverage in the near-perfect
region.

margins, the loss magnitude, and the gradient flow,1299

specifically how it prevents the vanishing gradient1300

problem often encountered in preference optimiza-1301

tion.1302

1. Margin Scaling via Masking Let the stan-1303

dard log-likelihood margin between the preferred1304

target yw and the dis-preferred target yl be denoted1305

as ∆full:1306

∆full(x, yw, yl) = log πθ(yw|x)− log πθ(yl|x).
(7)1307

In the STAR-Masked objective, the likelihood1308

is computed over a subset of sentences where the1309

mask M(tj) = 1. Let Smask ⊂ {1, . . . , n} be the1310

set of indices for sentences retained by the mask.1311

The masked margin ∆STAR is: 1312

∆STAR(x, yw, yl) = log πSTAR(yw|x)
− log πSTAR(yl|x).

(8) 1313

Since log πSTAR aggregates log-probabilities 1314

over a subset of tokens relative to the full doc- 1315

ument, the masked margin can be viewed as a 1316

scaled version of the full margin. Assuming the 1317

preference signal is distributed across the docu- 1318

ment, removing a portion of tokens (via M) re- 1319

duces the accumulated difference between yw and 1320

yl. Specifically, if the mask retains a ratio ρ ∈ 1321

(0, 1) of the effective information: 1322

|∆STAR| ≈ ρ · |∆full| < |∆full|. (9) 1323

This derivation aligns with the empirical observa- 1324

tion that reward margins decrease after introduc- 1325

ing the mask, as shown in Figure 7. 1326

2. Impact on Initial Loss Magnitude The pref- 1327

erence loss component in CPO is defined as: 1328

L(∆) = − log σ(β ·∆), (10) 1329

where ∆ is the margin. The function f(z) = 1330

− log σ(z) is strictly monotonically decreasing. 1331

Assuming the model has a basic capability to dis- 1332

tinguish yw from yl (i.e., ∆ > 0), the reduced mar- 1333

gin caused by masking implies: 1334

0 < β∆STAR < β∆full. (11) 1335

Due to the monotonicity of the loss function: 1336

− log σ(β∆STAR) > − log σ(β∆full). (12) 1337

Thus, LSTAR-CPO > LCPO at the early stages of 1338

training. This theoretically confirms why the ini- 1339

tial loss is higher and decays more slowly: the 1340

model perceives the "distance" between candi- 1341

dates as smaller, interpreting the optimization task 1342

as more difficult. 1343

3. Gradient Saturation and Sustained Learning 1344

The efficacy of the optimization depends on the 1345

magnitude of the gradients. The gradient of the 1346

loss with respect to the model parameters θ is: 1347

∇θL =
∂L
∂∆

· ∇θ∆. (13) 1348

We focus on the scalar coefficient ∂L
∂∆ , which mod- 1349

ulates the strength of the update. For the CPO loss: 1350

∂L
∂∆

=
∂

∂∆

(
− log σ(β∆)

)
= −β ·

(
1− σ(β∆)

)
.

(14) 1351
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Figure 7: Analysis of training margins. The left panel compares the margins of Ours, DPO with SFT loss, standard
DPO loss, and standard CPO loss. The right panel provides a zoomed-in view focusing on the comparison between
standard CPO loss and Ours (indicated as “CPO Loss with Mask” in the legend).

We compare the gradient coefficients in two sce-1352

narios:1353

Scenario A: Full Objective (Standard CPO).1354

If the model easily distinguishes yw from yl us-1355

ing simple patterns (e.g., trivial lexical differences1356

in unmasked regions), ∆full becomes large. As1357

β∆full → ∞, σ(β∆full) → 1. Consequently, the1358

gradient coefficient approaches zero:1359

|∇LCPO| ∝ |1− σ(β∆full)| ≈ 0. (15)1360

This leads to gradient saturation, where the model1361

stops learning effectively even if structural errors1362

persist.1363

Scenario B: Masked Objective (STAR-CPO).1364

By masking out easy-to-align sentences (or ran-1365

dom segments), we force ∆STAR to be smaller.1366

The value of σ(β∆STAR) stays further from 11367

(closer to the linear regime of the sigmoid func-1368

tion).1369

|1− σ(β∆STAR)| > |1− σ(β∆full)|. (16)1370

Therefore, the masking mechanism acts as a reg-1371

ularizer that prevents the model from achieving1372

a trivial margin on the training data. By artifi-1373

cially reducing the margin (∆STAR), the objective1374

ensures that the gradient magnitude remains sig-1375

nificant throughout the training process. This ex-1376

plains why, despite a slower decrease in loss, the1377

model performs better in later steps: it avoids early1378

saturation and continues to optimize the policy on1379

the complex, structurally critical segments repre-1380

sented by the unmasked tokens.1381
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