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ABSTRACT

The evaluation of discourse-level translation in expert domains remains inade-
quate, despite its centrality to knowledge dissemination and cross-lingual schol-
arly communication. While these translations demand discourse-level coherence
and strict terminological precision, current evaluation methods predominantly
focus on segment-level accuracy and fluency. To address this limitation, we
introduce DiscoX, a new benchmark for discourse-level and expert-level Chinese-
English translation. It comprises 200 professionally-curated texts from 7 domains,
with an average length exceeding 1700 tokens. To evaluate performance on Dis-
coX, we also develop Metric-S, a reference-free system that provides fine-grained
automatic assessments across accuracy, fluency, and appropriateness. Metric-S
demonstrates strong consistency with human judgments, significantly outper-
forming existing metrics. Our experiments reveal a remarkable performance gap:
even the most advanced LLM:s still trail human experts on these tasks. This find-
ing validates the difficulty of DiscoX and underscores the challenges that remain
in achieving professional-grade machine translation. The proposed benchmark
and evaluation system provide a robust framework for more rigorous evalua-
tion, facilitating future advancements in LLM-based translation. Our data and
code are available at https://github.com/ByteDance—Seed/DiscoX
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Figure 1: Leaderboard of DiscoX. This chart compares the overall translation performance of LLMs
against a human expert baseline, which refers to the score of a translation produced by an expert
human translator. Each bar is segmented to show the score composition from three dimensions:
Accuracy (blue), Fluency (light blue), and Appropriateness (green).

*Equal contribution and Corresponding authors.
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1 INTRODUCTION

Translation, a critical application of intelligent systems, is central to enabling cross-lingual commu-
nication and knowledge access. Recent advances in large language models (LLMs) have yielded
substantial progress in segment-level translation, with state-of-the-art (SOTA) systems approach-
ing human performance (Kocmi et al.l 2024). However, notable shortcomings persist in the con-
text of longer and more specialized texts (Wang et al., 2024b). Yet, existing benchmarks, such as
WMT(Wang et al., 2023b)), FLORES(Goyal et al., |2022) and Redtrans Bench(Guo et al., |2025b)
predominantly focus on segment-level tasks,which means evaluating one or several sentences at a
time. Consequently, they fail to assess whether models can sustain discourse-level coherence, han-
dle domain-intensive terminology, or meet expert stylistic standards. This gap underscores the need
for benchmarks designed to evaluate these advanced capabilities.

Such capabilities are critical in expert domains such as scientific articles, legal contracts, and tech-
nical manuals. For instance, as shown in Figure E], in scientific articles, failing to sustain coherence
across sections can distort the logical flow of arguments; in legal contracts, inconsistent translation
of specialized terminology may weaken their binding force (Briva-Iglesias et al.|[2024) and in tech-
nical manuals, imprecise or stylistically inappropriate renderings may lead to misunderstandings
that jeopardize operational safety.

To address this gap, we introduce DiscoX, the first benchmark to evaluate the translation at the
discourse-level and expert-level translation between Chinese and English (shown in Table [T). The
benchmark, which cost 1,330 person-hours to create, is designed to simulate professional, real-world
scenarios, comprising 200 cases across 7 domains, spanning both academic and non-academic con-
texts, with an average length of 1712 tokens. The construction of the dataset followed a multi-
stage expert curation process. This process ensures that the test cases reflect authentic professional
demands and incorporate domain-critical aspects such as terminology and cultural expressions.
For each case, the key challenges are systematically collected and organized into expert-authored
rubrics, such as the handling of ambiguous terminology. For example, in academic contexts, the ab-
breviation LLM may refer to Large Language Model in natural language processing, but to Master
of Laws in the legal domain, highlighting the importance of precise terminology handling in context.
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Figure 2: Definition of DiscoX. It illustrates the definition of two core concepts in DiscoX bench-
mark: “discourse-level translation” and “expert-level translation”.

However, evaluating performance on a benchmark like DiscoX presents its own set of challenges,
as conventional reference-based metrics are inadequate for long-form text and single-judge LLM
evaluations can be unreliable (shown in Table E]) (Szymanski et al.| 2025). To overcome this, we
developed Metric-S, a novel, automated evaluation system based on the LLM-as-a-judge paradigm.
Metric-S orchestrates multiple LLM agents in a structured workflow that includes pre-checking,
quality estimation across accuracy, fluency, and appropriateness, error deduplication and attribution,
and severity weighting. This modular framework exhibits strong alignment with human judgments
(70.3% consistency on DiscoX) and significantly outperforms existing excellent reference-free met-
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rics like XCOMET-QE (34.7%) (Guerreiro et al.,[2024) on DiscoX. Together, DiscoX and Metric-S
provide a principled and robust foundation for assessing professional-grade translation quality.

Table 1: Comparison of DiscoX with existing translation benchmarks. DiscoX distinguishes itself
by (a) targeting discourse-level texts with a larger average length and focusing on expert domains.
And, (b) its companion metric, Metric-S, offers reference-free and explainable evaluation, a unique
feature among the compared methods.

(a) Benchmark Comparison (b) Metric Comparison
Benchmark Scenarios Avg. Tokens Metric Ref-based Explainability
FLORES General 48.88 N-grams Yes No
WMT (2024) News, Speech, Social, Lit. 45.84 Neural Metric Optional No
Redtrans Bench ~ Social Conversation 59.46 LLM-as-a-judge  Optional Optional

DiscoX (Ours)  Academic & Non-academic 1712.17 Metric-S (Ours) No Yes

We apply DiscoX to a broad set of LLMs to test discourse-level and expert-level translation. As
shown in Figure[T] even the strongest LLM (GPT-5-high) still lags behind professional human trans-
lators. This gap demonstrates that DiscoX serves as a realistic and challenging stress test for pro-
fessional translation. Performance also diverges across dimensions: some models excel in accuracy,
others in fluency, but none achieve a balanced, human-level competence. Overall, current models
fall short of expert-level and discourse-level translation, underscoring both the difficulty of DiscoX
and the need for future progress. Our contributions are:

* We present DiscoX, a benchmark that rigorously evaluates LLMs on discourse-level and
expert-level translation tasks.

* We design Metric-S, a workflow-based automatic evaluation system for DiscoX, which
enables more accurate and comprehensive assessments tailored to the requirements of pro-
fessional translation domains.

* We conduct an extensive empirical study across multiple models, leveraging the explain-
ability of Metric-S to reveal their respective strengths and limitations on challenging trans-
lation tasks.

* We discuss implications for system development and propose concrete recommendations
to advance translation evaluation practices.

2 DiscoX

This section details the construction and composition of DiscoX. The benchmark is designed around
two core concepts: (1) Discourse-level translation, which requires rendering a complete text as a
single coherent unit, ensuring consistency in logic and style; and (2) Expert-level translation, which
addresses highly specialized fields where the primary challenge is accurately conveying complex
concepts and terminology, demanding subject-matter expertise. Based on these principles, we design
a three-stage construction pipeline (Figure 3] to source texts from two primary and seven secondary
domains. We next detail the expert team, construction process, and dataset composition.

2.1 DATA CONSTRUCTION

The construction of DiscoX is a large-scale collaborative effort involving 133 professionals (115
vertical domain experts and 18 linguistic specialists; see Appendix [B] for detailed profiles). The
process is structured into three stages (illustrated in Figure [3).

Data Annotation. In the first stage, Vertical Domain Experts collect texts from their respective
fields. Each source text has to meet three core requirements: (1) reflect authentic professional sce-
narios, (2) exceed a minimum length of 1,500 characters (Chinese) or words (English), and (3) be
specific, self-contained, and amenable to the creation of unambiguous rubrics. Each text is then
paired with a comprehensive set of expert-authored rubrics that delineate specific, verifiable eval-
uation criteria, including Grammar, Topic Terms, Terminology, and Culture-loaded Words. For
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Figure 3: Overview of the rigorous curation pipeline for the DiscoX benchmark. This process
transforms real-world texts into a validated evaluation set by employing a synergistic system of
expert judgment and automated difficulty filtering.

instance, a rubric for a literary text: “Checkpoint 1: The term (‘yuanzi’) in context must be trans-
lated as ‘Ditan Park’ or ‘the park’, not ‘garden’.” This initial phase yields 665 potential tasks, with
an average of 9.38 rubrics each. Detailed cases of rubrics can be found in Appendix [C.3]

Quality Controlling and Filtering. The initial pool of 665 tasks then undergoes a rigorous quality
control and filtering stage. This stage begins with a peer review by linguistic specialists to ensure
textual professionalism. To establish a high and standardized difficulty, each task is subsequently
tested against two SOTA LLMs (see Appendix for prompt structure). A task advances to the
next stage only if both models fail on a minimum of eight predefined rubrics, signifying a stringent
difficulty threshold. Specifically, a task is deemed sufficiently challenging only if both tested SOTA
models fail to correctly translate content related to a minimum of eight predefined rubrics.

Reviewing and Selection. In the final stage, domain experts review the tasks that pass the difficulty
filter. From this pool, they select the final 200 tasks, representing a selection rate of approximately
30%, ensuring a balanced and diverse distribution across domains. The experts then perform a final
refinement, correcting any remaining flaws in the source texts and honing the rubrics based on the
error patterns that are observed in the LLM outputs from the filtering stage. This step serves to
maximize the benchmark’s precision and evaluative utility.

2.2 DiscoX COMPOSITION

The resulting DiscoX benchmark comprises 200 high-quality translation tasks. As detailed in Ta-
ble[2] the dataset is balanced across two primary domains: Academic (121 tasks) and Non-Academic
(79 tasks), which are further subdivided into seven secondary domains. It spans the language pairs
of English-Chinese (en—zh) and Chinese-English (zh—en). Notably, with an overall average input
length of 1712.17 tokens, DiscoX texts are substantially longer than those in typical segment-level
translation benchmarks.

3 METRIC-S: AUTOMATIC EVALUATION SYSTEM FOR DIsCc0OX

Evaluating the discourse-level translations in DiscoX demands metrics that capture nuances beyond
segment-level accuracy (Jiang et al., 2023} [Zerva et al., 2024), such as fluency and appropriateness,
which conventional automated metrics often fail to address (Wang et al., [2023b). We developed
Metric-S, an automated evaluation system that leverages a multi-agent LLM system. As illustrated
in Figure[d] it employs multiple LLMs to assess content in three dimensions: accuracy, fluency, and
appropriateness. It then applies a hierarchical de-duplication process to attribute errors to their root
causes before calculating a final, severity-weighted score. The prompt of different LLM judges is

shown in Appendix
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Table 2: Composition of the DiscoX benchmark. The table shows the breakdown of the 200 tasks
into Academic and Non-Academic domains, further subdivided into seven specific fields. It presents
the task count for each category and the average token length.

Primary Domain Secondary Domain Count Average tokens
Social Sciences 38
. Natural Sciences 35
Academic Papers " 1875.58
Humanities 28
Applied Disciplines 20
News and Information 37
Non-Academic Tasks Domain-Specific Scenarios 28 1450.49
Literature and Arts 14
Overall 200 1712.17
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Figure 4: Overview of the Metric-S automated evaluation workflow. The system first employs an
instruction-following judge to filter out invalid outputs. It then evaluate the translation’s Accuracy,
Fluency, and Appropriateness. Identified errors undergo a hierarchical de-duplication process to
isolate root causes before a final score is computed based on the number and severity of the unique
errors.

3.1 INSTRUCTION FOLLOWING CHECK

LLMs exhibit a tendency to deviate from translation instructions in discourse-level tasks, often de-
faulting to text continuation or summarization. To mitigate this issue, we employ an instruction-
following check. Any output that fails to constitute a valid translation is immediately assigned a
zero score and excluded from further evaluation.

3.2 QUALITY ESTIMATION

For outputs that pass the initial check, the system proceeds to evaluate quality across three dimen-
sions: accuracy, fluency, appropriateness.

Accuracy The accuracy dimension evaluates how faithfully the translation preserves the source
text’s meaning, factual information, and emotional tone, while identifying issues such as mistrans-
lation, omission, over-translation, or code-switching. Given that discourse includes professional
articles across diverse domains, this metric also introduces the rubrics completed in the data annota-
tion stage, enabling predefined specification of key terms, such as proper nouns and domain-specific
terminology, that the model must handle correctly to receive credit.

Fluency The fluency dimension focuses on the quality of the translation from the perspective of
the target language. The translated text is expected to be evaluated as if read by a native speaker,
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with attention to linguistic smoothness, lexical consistency, and overall logical coherence. This
requirement highlights a critical difference between discourse-level evaluation and segment-level
evaluation, as fluency in extended discourse cannot be fully captured by traditional automatic met-
rics. It relies on LLMs’ extensive linguistic resources and their capacity for self-assessment through
learned analytic abilities.

Appropriateness The appropriateness dimension reflects a higher-level expectation of translation
quality. Beyond basic usability, this metric seeks to discover the upper boundary of LLMs’ trans-
lation capabilities. In addition to accuracy and fluency, appropriateness assesses whether culturally
loaded expressions are properly rendered, whether the stylistic features of the source text are pre-
served, and whether the emotional tone and literary flavor are faithfully maintained in the translation.

3.3 ERROR DEDUPLICATION AND ATTRIBUTION

In our multi-dimensional evaluation system, a single root error can propagate into multiple derivative
issues. To prevent double-counting, Metric-S employs a hierarchical de-duplication and attribution
process. This process isolates the fundamental cause of each error, ensuring that a single mistake is
penalized only once. Specifically, errors marked as “Extremely Critical” in Accuracy take overriding
priority, rubric-defined violations are systematically attributed to Accuracy, and for other overlaps,
causal analysis determines which error is primary. For example, if a lexical choice error leads to
disfluent phrasing, only the Accuracy error is retained while the Fluency symptom is discarded.
Detailed example of de-duplication can be found at Appendix [C.4]

3.4 DiscoX SCORE CALCULATION

The final score is defined as Score = Sacc + Sk + Sapp, Where for each dimension z €

{Acc, Flu, App}, S, = MAX, — vagl wie?. Accuracy, Fluency, and Appropriateness are
weighted at 60, 20, and 20 points, respectively, which correspond to the maximum scores M A Xx.
For each error, deductions are applied based on severity: 2 points for minor, 5 points for major, 10
points for critical, and 50 points for extremely critical. The details of severity levels in different
domains can be found at[E]

4 EXPERIMENTS

4.1 MAIN RESULTS

Evaluation Setting. In this section, we present the main results of DiscoX, covering 20 systems: 7
open-source LLMs, 11 closed-source LLMs, 1 domain-specific LLMs, and 1 neural machine trans-
lation (NMT) system. Gemini-2.5-Pro is further employed as the judge model within the Metric-S
Workﬂowﬂ The list of all models can be found at Appendix

Results Analysis. From the results in Table |3} we have the following observations. Discourse-level
and expert-level translation remain a formidable challenge, and while general-purpose LLMs sig-
nificantly outperform traditional MT systems, their performance still falls short of human standards.
The results reveal a clear hierarchy, with the top model, GPT-5-high, achieving an overall score of
76.66 on the strength of its accuracy, yet still trailing human experts (80.16). Furthermore, perfor-
mance is imbalanced across different evaluation dimensions, indicating distinct and complementary
strengths. For instance, while GPT-5 excels in accuracy, other models like Kimi-K2 lead in fluency
and appropriateness, and Claude-4 variants are highly accurate but struggle with fluency, indicating
distinct and complementary strengths among the models. Specified cases of model performance on
different dimensions can be found in Appendix [D.2.1]

"Dec 2025 update: The result of using detailed instruction prompt and employing Gemini-3-Pro as the judge
is shown in Appendix i}
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Table 3: A ranked comparison of model performance on the DiscoX benchmark. The results high-
light that even the most advanced models still trail the human expert. The data reveals imbalanced
performance profiles, with different models excelling in distinct dimensions.

Models Overall Accuracy Fluency Appropriateness Open-source
Human Expert 80.16 49.80 15.96 14.40 -
GPT-5-high 76.66 48.65 15.21 12.80 X
Gemini-2.5-Pro 71.25 46.68 13.14 11.43 X
Qwen-3-235B 59.66 33.15 14.96 11.55 v
Kimi-K2 55.80 27.63 16.44 11.73 v
03-high 55.57 28.78 15.79 11.00 X
04-mini-high 55.09 29.55 14.29 11.25 X
Claude-4 54.04 39.38 5.98 8.68 X
Claude-4-T 53.53 38.98 5.47 9.08 X
Qwen-3-235B-T 49.97 23.20 15.54 11.23 v
GPT-4.1 49.65 29.25 11.05 9.35 X
DeepSeek-V3 49.60 22.80 16.20 10.60 v
Doubao-1.6-T 49.51 29.30 10.11 10.10 X
DeepSeek-R1 46.06 19.75 16.11 10.20 v
Gemini-2.5-Flash-Lite ~ 44.01 26.70 791 9.40 X
Grok-4 43.82 31.38 4.71 7.73 X
GPT-40 39.93 20.35 11.28 8.30 X
Qwen-3-14B 39.36 22.40 7.73 9.23 v
Qwen-3-8B 28.37 15.13 5.84 7.40 v
Youdao-14B 46.37 28.50 9.82 8.05 -
Google-NMT 37.10 18.96 10.12 8.02 -

4.2 EFFECTIVENESS OF METRIC-S EVALUATION SYSTEM

To validate the effectiveness and reliability of Metric-S, we measured its pairwise consistency (Fre-
itag et al. |2024) with professional human judgments. The experiment is designed to demonstrate
Metric-S’s superiority, particularly on our proposed benchmark, DiscoX.

Evaluation Setting. The evaluation is conducted on two test sets: our DiscoX benchmark and
the WMT 2024 general translation task (Kocmi et al.| [2024). We compared Metric-S against two
high-performing baselines from the WMT 2024 metric shared task (Freitag et al., 2024)): XCOMET-
QE (Guerreiro et al., 2024) and ChrF (Popovic, |2015)). For each dataset, we randomly sampled 50
cases. In our evaluation, translations are scored by linguistic experts, and both human and metric
scores are normalized to a [0, 1] range for fair comparison. Since ChrF requires reference, we only
evaluate its performance on WMT 2024 tasks.

To measure alignment with human judgments, we adopted the unified pairwise ranking consistency
framework (Freitag et al., 2024). This method evaluates how often our metric agrees with human
experts on which of two system outputs is superior. To ensure a robust evaluation, we made specific
adjustments for different levels: at the system level, we used Soft Pairwise Accuracy (SPA) to
provide a more nuanced comparison by accounting for statistical uncertainty in human rankings. To
handle ties in the segment level, we treat metric scores as consistent if their difference is less than
0.05. Details of alignment framework can be found in Appendix

Results Analysis. The experimental results, summarized in Table[d] clearly demonstrate the superi-
ority of Metric-S, particularly on our proposed DiscoX benchmark. The most striking finding is in
the overall average consistency: Metric-S achieves 70.3%, more than doubling the 34.7% score of
XCOMET-QE, a SOTA baseline. This significant gap highlights the failure of traditional metrics to
handle complex, discourse-level phenomena. The divergence is especially pronounced at the system
level, where XCOMET-QE’s consistency plummets to just 10.0% on the zh—en task, while Metric-
S maintains a robust 80.0%. These findings confirm that Metric-S provides a much more reliable
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Table 4: Pairwise consistency of Metric-S and XCOMET-QE with human judgments. The table
presents a comparison of evaluation metrics at both the system and segment levels for the DiscoX
benchmark. ChrF is excluded because it requires a reference.

Metric Overall Avg. System Segment
zh—en en—zh zh—en en—zh
Metric-S 70.3% 80.0% 90.0% 54.8% 56.4%
XCOMET-QE 34.7% 10.0% 70.0% 26.4% 32.4%
ChrF - - - - -

and faithful alignment with human judgments for discourse-level translation evaluation. Case of the
output of different evaluation methods can be found at Appendix [D.1}

Furthermore, we investigated the internal validity of Metric-S to confirm that its advantage stems
from the synergistic contribution of its core design components. Our ablation studies (detailed in
Appendix [A) reveal that while the full framework achieves 90% system-level consistency, removing
the error de-duplication mechanism reduces this to 80%. More drastically, a simplified approach
using a single LLM judge yields a mere 20% consistency. This evidence underscores that the effec-
tiveness and stability of Metric-S are rooted in its integral, multi-component design.

5 ANALYSIS AND DISCUSSION

In this section, we move beyond raw scores to analyze what drives the observed performance dif-
ferences. By investigating different perspectives, we seek to better understand both the current
capabilities and the remaining limitations of LLMs in discourse-level translation.

5.1 LLM BETTER AT CHINESE-TO-ENGLISH THAN ENGLISH-TO-CHINESE

Our evaluation in Figure [5] detailed in Appendix [H} reveals a significant performance asymmetry
between translation directions, with LLMs consistently achieving higher scores in zh—en than in
en—zh tasks. This gap is particularly pronounced for models like DeepSeek-V3, which shows a
34.8-point performance difference. In contrast, Doubao-1.6-T is the most balanced model, with a
gap of only 7.2 points. This disparity is primarily driven by lower accuracy in en—zh translation,
which we attribute to three main factors: (1) a data imbalance, where high-quality English corpora
are more abundant than Chinese ones; (2) the prevalence of English-centric model architectures that
require greater adaptation for generating Chinese; and (3) the inherent linguistic complexities of
Chinese, such as its rich morphemes, implicit logic, and strong reliance on context and word order.
Detailed cases showing performance asymmetry are provided in Appendix [D.2.2]

s zh - en Score B Academic Papers
en - zh Score Non-Academic Tasks
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Figure 5: Subplot (a) compares performance across translation directions, showing that models are
stronger when translating into English. Subplot (b) compares performance across text domains,
showing a clear advantage in translating academic papers.
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5.2 STRONGER IN ACADEMIC PAPERS, WEAKER IN LITERATURE

Model performance exhibits a clear domain-based disparity, with significantly higher scores in aca-
demic translation compared to literary translation (illustrated in Figure [5] with detailed results in
Appendix [I). This gap is attributable to the inherent differences between the domains. Academic
papers, with their structured and logical format, are more amenable to accurate machine transla-
tion. In contrast, literary works require models to interpret complex syntax, rhetorical devices, and

LLMs. At the individual model level, GPT-5-high demonstrates strong generalizability by leading
in both domains, whereas Kimi-K2 displays a particular strength in literary translation, reflecting its
fluency-focused design.

5.3 PERFORMANCE DEFICIT OF THINKING MODELS

As shown in Table [5] Contrary to expectations, our results indicate that thinking-enhanced mod-
els consistently underperform their non-thinking counterparts in translation tasks. This performance
deficit is particularly stark for Qwen-3-235B, where the non-thinking version scores nearly 10 points
higher (59.66 vs. 49.97), a gap driven primarily by a significant drop in accuracy. A similar, though
smaller, trend is observed with Claude-4. Error analysis suggests this underperformance is due
to the thinking models’ propensity to either over-summarize the source text, leading to omissions
(under-translation), or introduce extraneous structural content (over-translation), thereby compro-
mising translation faithfulness. Specified cases can be found in Appendix

Table 5: Comparison of Thinking vs. Non-thinking Models. The data shows that Non-thinking
versions generally outperform their Thinking counterparts in translation tasks.

Models Type Score Accuracy Fluency Appropriateness
Thinking 49.97 23.20 15.54 11.23

Qwen-3-235B  Non-thinking  59.66  33.15 14.96 11.55

Claude-4 Thinking 53.53 38.98 547 9.08
Non-thinking  54.03 39.38 5.98 8.68

5.4 LIMITATIONS OF TRADITIONAL MT AND DOMAIN-SPECIFIC LLMS

Our results indicate that general-purpose LLMs significantly outperform traditional MT models and
domain-specific LLMs in discourse-level translation tasks, whose performance is hindered by two
primary factors.

Input Length Constraints. These models struggle with the discourse-level texts in DiscoX due to
strict character limits. Even when document translation features are available, their output quahty
is often inferior, and some models produce disordered content like summarization or omissions on
long inputs.

Inferior Accuracy Compared to LLMs. Compared to LLMs, these models exhibit lower accu-
racy, primarily due to omissions and mistranslations. They particularly struggle to correctly pro-
cess domain-specific terminology and modern internet neologisms, a weakness that persists even in
domain-specialized systems.

6 RELATED WORK

6.1 EVOLUTION OF MACHINE TRANSLATION BENCHMARKS

Traditional machine translation benchmarks such as WMT [Wang et al.| (2024a; [2023b) and
IWSLT Agostinelli et al.| (2025) have long served as the standard for evaluating translation qual-
ity. WMT, in particular, provides annually released test sets covering multiple language pairs and
domains, but its focus has primarily been on sentence- or paragraph-level translation tasks. Simi-
larly, IWSLT is specialized in speech and TED talk translations, offering relatively short and well-
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structured content. While these benchmarks have played a crucial role in advancing MT research,
they remain limited in both domain diversity and task complexity, leaving a gap in assessing trans-
lation performance under more challenging, real-world conditions.

In recent years, with the rapid improvement of models, translation benchmarks have increasingly
emphasized broader coverage, higher task difficulty, and more diverse application scenarios. The
FLORES-101 benchmarkGoyal et al.| (2022) covers 101 languages with professionally translated
sentences from diverse domains, enabling rigorous many-to-many multilingual translation evalua-
tion. TransBenchLi et al.| (2025) introduces a large-scale benchmark of 17k expert-curated tasks
across 33 language pairs and multiple e-commerce scenarios, designed to evaluate machine transla-
tion systems at an industrial scale with greater domain coverage and linguistic difficulty. Redtrans
BenchGuo et al.|(2025b)) introduces a benchmark of 2,858 zh—en and en—zh test cases covering in-
formal, culturally loaded, and humor-rich SNS content that demands nuanced, context-aware trans-
lation beyond conventional MT settings. However, despite their contributions, these benchmarks
mainly remain confined to sentence- or paragraph-level tasks, without extending to discourse-form
translation or highly specialized domain-specific scenarios that demand expert-level knowledge and
in-depth contextual reasoning. For instance, the WMT 2023 shared task on discourse-level literary
translationWang et al.[(2024a) highlighted this issue, as the low accuracy of traditional metrics led
to results with questionable credibility.

6.2 EVALUATION METRICS ON TRANSLATION TASKS

Traditional machine translation metrics, including rule-based ones (e.g., n-gram overlap) and deep
learning—based ones (e.g. COMET Rei et al.| (2020), Metric-XJuraska et al.|(2024))), achieve strong
performance on sentence or paragraph level tasks because translation quality in this setting largely
depends on local adequacy and fluency, which can be reliably captured by these methods. How-
ever, their evaluation accuracy declines when dealing with discourse-level texts, where evaluation
requires modeling discourse-level coherence, consistency, and stylistic continuity—dimensions that
sentence-level overlap or embedding similarity fail to represenfWang et al.|(2023a). This mismatch
between metric design and the global properties of discourse-level translation leads to weaker cor-
relation with human judgmentsKocmi et al.| (2024). Their reliance on reference translations also
makes them poorly suited for discourse-level evaluation, where no single reference can capture the
full range of valid outputsKim et al.| (2024). In such cases, scores become unreliable, and in the
absence of references, these methods often degrade sharply or cannot be applied at all. Compared
with traditional metrics, LLM-as-Judge methods offer greater flexibility and interpretabilityDeutsch
et al.| (2025), as they can directly evaluate translations without strictly depending on reference out-
puts. However, in discourse-level scenarios, the capabilities of a single LLM judge may be con-
strained, leading to potential shortcomings in terms of comprehensive coverage across evaluation
dimensions as well as accuracy. Evaluation using a single, general-purpose LLM is fraught with
issues, including hallucinationsJi et al| (2023) and various biasesWang et al.| (2023c). To better
adjust general-purpose LLMs for single-model evaluation tasks, some researchers have begun to
train smaller and more specialized evaluation models. These models are fine-tuned with extensive
datasets featuring domain-specific evaluation criteria and illustrative examplesZheng et al.| (2023)).

7 CONCLUSION

We present DiscoX the first benchmark for assessing discourse-level, expert-level LLM translation,
alongside Metric-S, a new reference-free evaluation system that aligns with human judgment. Our
experiments show that while current LLMs are promising, they still underperform expert translators,
struggling with global coherence, domain-specific terminology, and professional style. We are re-
leasing both DiscoX and Metric-S to the community to foster research and advance the development
of professional-grade translation models.
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A ABLATION AND AUXILIARY EXPERIMENTS ON DISCOX AND METRIC-S

A.1 MULTIPLE RUNS ON DiscoX

To probe the stability of model outputs and the quality of Data, We further perform multiple inde-
pendent runs (three trials) for each model. As shown in Table[6] the negligible performance differ-
ence across trials indicates that the model produces consistent high-quality outputs across multiple
samples, suggesting both strong model robustness and reliable evaluation.

Table 6: Scores of different models across three runs with mean and standard deviation.

Model First Score  Second Score Third Score Mean Std. Dev.
Claude-4 52.73 53.21 53.52 53.15 0.40
Claude-4-T 53.28 54.03 54.33 53.88 0.54
Gemini-2.5-pro 71.53 72.51 73.47 72.50 0.97
GPT-5 76.66 77.02 77.03 76.90 0.21
Qwen3-235B 57.10 59.70 59.00 58.60 1.36
Qwen3-235B-T 50.00 48.00 47.90 48.63 1.16

A.2 ABLATION EXPERIMENTS ON METRIC-S

To validate the robustness and necessities of every elements in Metric-S, we carry out a series of
ablation experiments.

A.2.1 EFFECTIVENESS OF THE WORKFLOW OF METRIC-S SYSTEM

We carry out the following experiments to illustrate Metric-S’s effectiveness and necessities of ele-
ments in Metric-S system:

* Effectiveness of error deduplication mechanism: We evaluate the performance when the
result of different judges is direclty applied to claculate final score without error dedupli-
cation.

* Metric-S vs single LLM judge: We try to merge all the prompts of 3 dimensions into one
and employ a single LLM to judge model performances on DiscoX.

* Effectiveness of different dimensions and their weights: We also analyse the results when
only the accuracy dimension is taken into consideration and when all 3 dimension exists
but they are in the same weights.

We compare alignment with human judgments across Metric-S and all experimental settings. As
shown in Table [/ Metric-S system achieves the best performance among all settings, demonstrating
the integrity of the Metric-S framework and the necessity of its individual components.

Table 7: Pairwise consistency with human judgments under different experimental evaluation set-
tings. The “Average” column reports the mean of system-level and segment-level consistency scores.
All the experiments employ Gemini-2.5-pro as the baseline judge model.

Metric Average System-level Segment-level
Metric-S (Original) 70.30% 85.00% 55.60%
Metric-S (No-duplicate) 66.00% 80.00% 52.00%
Single Accuracy judge 62.50% 70.00% 55.00%
Single LLM (Detailed prompt) 55.90% 60.00% 51.80%
Metric-S (Same weight for all dimensions)  48.20% 50.00% 46.40%
Single LLM (Simple prompt) 24.90% 20.00% 29.80%
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A.2.2 EFFECTIVE OF METRIC-S ON DIFFERENT LLM JUDGES

To examine which model suits best as the judge model and whether the strong performance of
Metric-S is highly dependent on the choice of the judge model, we replace Gemini-2.5-Pro with
several alternative baseline models as judges and compare their consistency with human judgments.
As shown in Table 8] Gemini-2.5-Pro achieves the best performance among all models, illustrating
the rationality of selecting it as the judge model. Moreover, Although the absolute scores of Metric-
S vary moderately across different judge models, in all settings, Metric-S consistently outperforms
the baseline evaluation metric XCOMET-QE by a substantial margin.

These results indicate that although the absolute accuracy of Metric-S is influenced by the underlying
capability of the judge model, the observed robustness is not specific to Gemini. Instead, the stability
of Metric-S reflects properties that are inherent to its evaluation design, rather than being an artifact
of a particular judge model.

Table 8: Effect of different LLM judges on the consistency between Metric-S and human judgments.
The table reports system-level, segment-level, and overall (average) consistency scores.

Judge Type System-level Segment-level Average
Metric-S (Gemini-2.5-pro) 85.0% 56.0% 70.3%
Metric-S (DeepSeek-R1) 70.0% 45.6% 57.8%
Metric-S (03-high) 70.0% 46.4% 58.2%
XCOMET-QE 40.0% 29.4% 34.7%

A.3 EFFECTIVENESS OF SELF-PREFERENCE BIAS FOR LLM JUDGE

To validate whether self-preference bias of models affects the reliability of Metric-S, we compare
the results of judgments of the three models from the previous subsection against human judgments.
As shown in Table [0] Gemini-2.5-pro does not exhibit a self-preference bias when compared with
human judgments. In contrast, 03 demonstrates a pronounced bias toward its own outputs, ranking
itself first as a judge even though human experts placed it only third. These findings further justify
the choice of Gemini-2.5-pro as the evaluation judge.

Table 9: Evaluation results of different judges on DiscoX samples.

Model Human  Metric-S+Gemini ~ Metric-S+Deepseek-R1 ~ Metric-S+03-high
Gemini-2.5-Pro  61.35 69.66 64.70 74.96
Claude-4 57.45 67.90 64.86 71.10
03-high 51.70 62.96 62.50 77.54
DeepSeek-R1 ~ 51.25 67.82 63.04 72.78

A.4 PERFORMANCE OF METRIC-S ON MWT 2024 TASKS

To further validate the robustness of Metric-S, we conducted an additional experiment comparing
its performance with other traditional evaluation metrics on the WMT 2024 task. Considering these
tasks include reference answers, we selected XCOMET |Guerreiro et al.| (2024)and ChrF |Popovié
(2015)), both reference-based metrics, for comparison.

As shown in Table@} our experimental results indicate that, even without a reference, Metric-S can
achieve human evaluation agreement rates close to those of traditional reference-based metrics on
translation tasks beyond DiscoX. This reveals that Metric-S, as a robust, reference-free evaluation
metric, is capable of effectively assessing model performance across various tasks without reliance
on reference translations. More importantly, our evaluation method not only provides scores but also
identifies error types and their severity, offering clear, actionable feedback. This transparency helps
the evaluated parties understand their strengths and weaknesses, providing a clear path for targeted
improvements.
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Table 10: Pairwise consistency with human judgments on the WMT 2024 en—zh general translation
task. This table compares the performance of the reference-free Metric-S against reference-based
metrics. The “Average” column shows the mean of the system-level and segment-level scores.

Metric Average | System-level ~Segment-level
Metric-S 72.30% 90.00% 54.60%
XCOMET  68.80% 80.00% 57.60%
ChrF 55.70% 60.00% 51.40%

A.5 ACCUARCY OF LLM JUDGE OUTPUT IN DIFFERENT DIMENSIONS

Beyond consistency with human judgments at the score level, we further examine whether LLM-
based judges produce accurate assessments at finer-grained, dimension-specific levels. To this end,
we select five representative judge models and analyze their evaluations on the three assessment
dimensions for the 50 cases introduced in Section 4.3. For each case, linguistic experts manually
verify whether the model-generated judgments—covering both error types and error severity—are
correct for each dimension.

As shown in Table|[TT] the accuracy for all 3 dimensions exceeds 95%, illustrating that Metric-S not
only achieves high agreement with human judgments overall, but also demonstrates strong reliability
and precision in detailed, dimension-level evaluations.

Table 11: Accuracy of judgment on different dimensions of Metric-S. The number of total cases is
50 x 5 = 250.

Evaluation Type Number of Correct Cases Correct Rate
Accurate Judge 246 98.40%
Fluency Judge 238 95.20%
Appropriateness Judge 241 96.40%

B ANNOTATOR BACKGROUND

The integrity of the DiscoX dataset is ensured by a 133-member curation team operating under a
dual-expertise model (summarized in Table[T2). The team integrated 115 Vertical Domain Experts
responsible for sourcing texts and authoring initial rubrics. They were supported by 18 Linguis-
tic Experts, a group of certified MTI graduates with 5-16 years of experience. This latter group
is tasked with ensuring linguistic accuracy, refining the evaluation criteria, and exercising overall
project oversight.

Table 12: Table overview of the annotator team provides a breakdown of 133 experts responsible for
the dataset curation, detailing the composition, number, professional experience, and background of
the Vertical Domain Experts and Linguistic Experts.

Composition Number of Experts Avg. Years Background

Experts in practical fields are primarily professionals with 4—
Vertical Domain Experts 115 4-10 10 years of experience, while those in academic disciplines are
mainly Master’s/PhD holders from top-tier Chinese universities.

Composed of professional linguists and translation specialists,
primarily composed of Master’s graduates in Translation and

Linguistic Experts 18 >-16 Interpreting (MTI) with high-level language certifications (e.g.,
TEM-8, IELTS 8.0) and 5-16 years of professional experience.
Overall 133 4-16 Expert in specific domain or linguistic.
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C DETAILED PROMPT AND RUBRICS

C.1 SYSTEM PROMPT

System Prompt

Translate from Source Language to Target Language. Do not output content beyond the
translation.

C.2 JUDGE PROMPT

Below is the complete prompt provided to the judge model, including the main stages of Instruc-
tion Following Judge, Accuracy Judge, Fluency Judge, Appropriateness Judge, and De-duplication
Judge.

C.2.1 INSTRUCTION FOLLOWING JUDGE

Instruction Following Judge

5
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TR G L ERfHE)
1. $RL8TE - M ERE
s BIANZE, FEEL
o BXHFCREM—Z, RATEIE, RERE, SETEEMNAE
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EE
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IR E7% R/ T
CETE(E, 1B
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Rt
Les moyennes quadratiques
BTF A:
“Les moyennes quadratiques sont un type particulier de moyenne utilisée en mathématiques

pour des ensembles de valeurs, notamment lorsque 1’on s’intéresse a des quantités qui
dépendent de carrés, comme I’énergie (en physique) ou la dispersion statistique.”

EEER: 2
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C.2.2 ACCURACY JUDGE, FLUENCY JUDGE AND APPROPRIATENESS JUDGE

PE of Checkpoints

RE—NEIET R, ERBERERIERE -

WE, RORWSHTHRERENE 55K [checkpoints] , 7§ K5 % R
(prompt] F1i%E3C [response] , ¥HERIANAFFZE IR SR GEIEIER, H 5 HjsonEl
ERAAIIR -

EB: B AA HEE NS % FE MR % L, WresponseH 7 L5 BR AT 2 —
%E%%%%%@%ﬂ%,%M%EﬁOM%K%%mﬁﬁ%%ﬁ%X,Xﬂum

B G TR R BT, TTIRIER):

{ HEFS: 1,
MR . BES,
[RIRE AT . VREIHT,
HIMTLEER . IERf/EER ),
{ MEFS: 2,
FIE % . BOES,
[RIRESMT . VREGHT,
HIWraER . BRI /R

DU RARA IR B HESS

- /

Judge PE of Accuracy

HH AN ERMEIRRMAES, TEREKCFECRERE, BRI X
BB =TTHAANAE - WETR AP EILE TR (EOERE] BESs
IR, XRESHIEERES, IBIREENE )
RR—NIEIEL R, IAEIRTE ZVEA DN RSO - I BIEE, LU
P, BTN RSO AR S & LR, BRFE SRR TR S A R 2 5 S
WNERIMEG . HTIES BRRBES NS —BEE REMNEHT, RATERE
REFEPNE, BRI OFESEES - FER, BEXRENTIFER, XFiE
SRR B SRR, TR IR .
PG R B R LT JLR A
1. B BEOCS JFO0A A & A —2, SRR R - EO0ASGER, BS5 LT
SR SCNE, TILIERE R -
2. T XS FSCH L SRZ 5 BLEE, BB BRERE, SEEIE
R, ECNE . BXAELERERIAE, SBOEN LR, W™ ER
o
3. K BN EBREEONE, RATETHE, HrERR.
4&%?%15%1&%,%m%%%%@%&%@%%,%ﬁSEYW§X
5. Fl ORI -
Srh, BERSN SRR . 5503 B & L TR
1
JE3: SRRSARM -
EX: The RS is pretty good.
KRAO—IAAER WA - N4~ 2AARARIERI A S5 75 B0 B IR ST AFpR AL, 30
PREARE - WRIREPEAL BB RME, foixtfe, RB1 CRiIE] 1%, ™ER
gﬁ%%[#ﬁ?i]o
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2
JF3C: A RREARE -

¥ : The KA (weather) is pretty good.
fﬁﬂZ*@%%ﬁ\f%E@%iwemher, (BERIESETFEER, BXEESNHN, E
H (REF] | METEREEAEN (FEFTE] -

13-

JE3X: Victor Hugo is a writer.

X WHE (Victor Hugo) T—MERK
gﬁgﬂj, REFESNRE TR, HIEXSHEENGSE Y, PERE, HIEHE

I B
LB (Major) - TIBIMBETE, T, FOEAEE, TREEER,
AL R
2 R (Critical) . WHSIEE, WE, SASMEIIECUT A A0,
SECRRIRBIE N2 UHIURE . BIg i Sl B TR
3. EHE (Extremely Critieal) « FUUKREEEE AR KRIBITE
SR S B -
R, ERT T ERE KN, R [PE (Critcal) ] 1R .
FEBREFATR, WWEAE, WAy (P8 (Critca) ] - (M7 E
(Bxemely Crical) ] 155 SUSF TRASINATRRARRE, LRI B0 %
G
PR E SR I, PRSI BT, R, RTSHAETHE
218, (UHEIANE -
it i B
HFFAELA LI, FHELA FisowR OISt REEH R E LUS M2
CRES : IRERL, AT,
BT RS,
LB B R /R S,
FLEA: KBS
FEFERE: Wl R/ ERPE )
MERHEEME, .
(R ERRE: BAEAE) )

PUR AR AR ESS -
. J
— FE LS

RE—MEERETHEER, HEREEETFHEREINER TG E . K%
fprompt/5 3 Fresponsei® 3, IRIAERESEET (promptEIC] LUF TR
W, FB -~ ZAIXT [responsei® X ] B &#HIT AT FIES -
= PR & R R R Y
1. EERE:
o BIUAIFIRIENN - BRI, ANREHILF R < W IER AR
o BEOUNBEEWIE RO R A - TAIETEECSE, NEEH DA S MR -
O ERRELR AR -
o BN A BIMERNESRASIR, ARE H LB 1 (Al
o REBERHFEE KA APHREEE BRI -
2. EERIEWANE: BEOURUREE - ANENREFERA, AR IUEA] -
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3. BHERN: FNEEERWTIODHE, IR SGEEE TR, NEX
NIABEREDER); BFSORERRRRAR, NI SCNGEE IS EE 55 L R A
ER5 o HICAITFRIARKEBEAER, N HAFERSNELTLER S, Mok
N FRIR B R BRI VRS - (BRI - R -
4, TNC—EME: MEHRBIRANEEN REFRE -, FIEAL . L. T
W ARTE - 5 SULIRNC S - finSyracuseiX b 42 G By FE iUy i 5 %
g,%ﬁ~%ﬁ¢ﬁ%%&$~ﬁ,mﬁﬂ%Wﬁm%ﬁ%ﬁﬁxﬁmﬁ
FERER: REFTRERFEER - PR iSEH MR, RFEERE L PR
BB R4 EEHT AT BT
= EmERESR
1. B FXHEAESHIGE - BEERN . BEETHmaT -2t e
AL — ()R .
2. Tl FEXAFEAESHRGE - BEEMNY . ZEE R ML —8Er
(@, EARFE BRI - FFEIFEANE M .

FEANER: (RIR ORI A U 5 B R — 4~ (] S TR0 (] ™ B R B A 2
ARPREILA R F A — A R RE SR LA™ AR B R 2 A TR -

PO A
WAAELL BRI, BT LT jsonn RS AT Y, ASEE i H PRI A MR N 2

[{
FEFS . BHIRER, W1FFE,
FIREE . BOE S,
[AIRIRAY . TEF WG E  EIRIERRIE /18 B B/ AE— 2,
[FIREAT . REIAT
IR EREE . AR

[‘ﬁl@ﬁ%: 2!
AR . Bk S,
[FIRARAY . EF IR BEIERTE 2 T/ FIC— B,
FIRAAT . VREISHT
[l =R . HR
}]
WRAFAAE R, it

{
AR EARRE . BRI
1]

DU RARA IR B HESS

- J

Judge PE of Appropriateness

TRRF B — N ERRPFMES, X MEFSERED =PI BEEREIEA -
B VT AS OB KRS — BURVEAG, IR E B ST RIS — B A4 EA TS -

TR — R AR ORI oK, RIS, TERIREESORAE NS - fFRER - X
KA Z M ESR - REVEIRT™E - FA B—F I, ERANHE - FEE
.~ SORFISTIE R ILA AR 3 SCH AT B AL -

H 28 R prompt)5 S Fliresponse ¥ 3, RIAERIMESS BFET [prompt/E3C] FLLT ¥
fhFE, ZBATFHEH (responseiFI] 5FEIUNE « BREEFR - SCRAULER H
NERLRIHTT, HEFSHEHANEEERRE - ANEALR TSR -

HEE:
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LOAETELU T4 AR P, W AE K Ecode switch (FZEKA) -
RVE—BUE - 173027 vl P B SRS I B, 350 0 7 L

SRR TIRR i
2. BABEHBRMUANER, FEAABAIFE 2R
AR

1. K BESFESCHIERANIEE, FEFSIAME RS —E, WECREH
K, MRESCAALES . ™8, fFEEESURRER .

2. [BRER: HROEREGMEICILA - WEICRIRAR), EICHRHRERIME
Al R R I R

3. 3CR: JFISOURRRIRE S AR, MBI NS B R HHIOR, iR
BHEESIZH LR T 5EXRSHENE . B TEERFZARERK.

4. ACTERL: FESCRRHCH ~ B (B . NRIES A BIAR TER T %
EAH, FTLUEREAESRE T RRESCT RIS

Al B R
B FXRRTH, BN LARGE100%EIFE CHAGHE - [F— W@k S H
W, FEEIHE.

LfanyisEaN
WAL LR, 35 % LN jsonB R GRS U, ANEEH H BRI LAY 2

[{ WBEFS: BHEER, MN1FSE,
BERS: BES, -
AIRRRA . X% /BB / SR/ UL IE R,
[BRRANT . UREIAT,
mIEREE: BlR#E) )
WRAFFAEATA AR, St

[{ (@ sEREE. BT )
G

iprompt;,

The prevailing neuroscientific paradigm posits that cognitive flexibility is fundamentally con-
tingent upon neuroplasticity—the brain’s capacity to reorganize its neural pathways. This
process is largely driven by synaptic pruning and long-term potentiation, mechanisms that
dynamically adapt in response to novel environmental stimuli and learning experiences.

jresponse;,

WEEMPOHEREEZRE, ANBHEBINBRE, RA LZEMELT B,
Mt KA BB A R 2B R BE ) - X)L E Bl = 5 B R I AR 1
TECRSEHELR), AT ARERT RN 2 ) RIS R B S A

AR

[FEFS: 1,

[l B Y 1,

(Al XA,

7] & 43 B2 R SCH A B *prevailing neuroscientific paradigm posits’, &1 « B~ &
FRWAEAER, HBEER . FCRA T MEERNEBER FOEL . £2
W PRI, THRE T R SCA 2R R R R -

(] EAR: R

21



Published as a conference paper at ICLR 2026

C.2.3 DE-DUPLICATION JUDGE

Judge PE of De-duplication

KHE -1 #EFEMEES, FEEDADFE AT K Maccuracy, flu-
ency, appropriateness, checkpoints (given)Pt > 2 B 5 M 57 37 i 22 42 13 30, FR4H
DN EERTEERSBNES, SEEEMMIRSE, AFERFRELHESHA
SRS, AT LARE?

HEE IR T EERITAEEE R, F R EE A5 00 77 5 3 B AT IR -

Hr accuracy [JEH™E (Extremly Critical) ] IR & MR, T2t 4
N7, fEER, #RE [JEH™E (Extremly Critical) ] -
E%JH:Z?I\, TC B 4E & FicheckpointsEE &, ¥ JAH Hcheckpoints, X2 5 — L 5E
FIRIEEE, IR AREN AN EALLEE R PRI EE R # T IERIEAE - DUTE
O, BAFEHTHE:

1. stylef5E121)8 TaccuracyE % - TLTRA

2. checkpointsFlfluency®?) 74 [F] —[A] @, fluencyl\ N7 A1, checkpointsih

1B . TEFHAEE -

EA X FENANE T (F—RBEEESMIK] 8, MIEIRERE -
RTHH, B AT IR SEERARIEEE, FERZRUTHEmY . o1
BEEE, NEEBERE .
iR
[{
mEFS: 1,
BEHE: [checkpoints* &3] 5 [fluencylmliil] ,
[RIRE AT . VREIT,
HIMTEER . RIS Fcheckpoints, [fluencylml@il) NI
b

{
mEFS: 2,

BEEE:
BT UREIT,
ERRIAA -

H
RPN FAEEMER R, Hi:

[{
ARG TEEE 7]
}]
- J
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C.3 CASE OF RUBRICS
The following are sample rubrics for evaluating [a specific task, e.g., academic papers]. In our

evaluation, we use rubrics with a similar structure but with adjustments to the details for other
categories of text to better accommodate the unique characteristics of each genre.

Primary Domain: Academic Papers

Prompt (excerpt) Rubrics (excerpt)

1~ A ARESTY o PP HEFEFE R

Secondary Domain: Natural Sciences

I, FLBERRES 2 RS 25EE
RIANERAILEE-REENS TED
SEFHEMSE & - FIENESR 0B BE K
TURHIT - BT RSREREERSIEM - 1k
HB 43 = BHPE FLBR % (triple-negative breast can-
cer, TNBC)BEMREE S lEZE, HWE—
6% 3 M OTNBCAEY) EAT AN E I,
wmos W oE . IR R BB
B~ AHERERERIEAIE . 2 R R
FEME IR S o BRI B2 M AU TNBC PR AE
HRE R EIEL B g%RH%, TN
T TRERT - FUH 2 R 1
[X 5 FEAT R H LU 2 R 7 7 B 22
5 1 5 BB o H A2 R AL B L e BoE
B9 TV FRAE, 540 50 WA JE H BF
HETV6-NTRK3Z K EHE . 45 AW R AL ek
JE 5 HMYB-NFIBE HF « IR 5 R4 TR K
J#HH CRTCI-MAML2EHE - RS
YR P B IDH2 ZE R 2245
2 FPREAERES R
AR EEN TR &R - 5K
FNottingham 47 2 7 Gi %t 12 1 1 3L JR
TTRAES R - AT B R B % 5
., AN EUZIRE AL E -
3~ FBER
...... JHEg RN B 2 TR, BFE IR
1'_?{]1‘% ~ RV~ R R R
il =

q
7

B

I
it

R

E

Histologic type BY, Histo-
logéij% subtype, R %F 4 3L

AW 22 AT O R A
#7215 N Biologically in-
dolent, #E % H vague J&
5

“CT YRR AR TR AT M g
W 71 1% N Fibromatosis-
like spindle cell -carci-
noma -

“RERTT WLER Sys-
temic therapy, {R+F &
FIRAE
CHEEH L AE R
Gene rearrangement,

T TR R -
SO 2 A R T T R
“}1 Histologic grade, {F&
5 Histological grading [X
g3

ML G AL TE S 7
¥ & Pyknosis and kary-
orrhexis Y Apoptotic bod-
ies o

R OR R B
¥ & Gross pathologic
measurement, ¥
pathologic 5 pathological
P2 HR S — -
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Primary Domain: Non-academic Tasks
narios

Prompt (excerpt) Rubrics (excerpt)

o “servants” M. % AR5 A

Secondary Domain: Domain-Specific Sce-

Liability, Indemnification and Release

... charges and expenses suffered or incurred by
it in connection with the termination due to the
negligence, breach of duty or other default or
wrongdoing of the defaulting party, its servants,
employees,agents or contractors.

...The CJV shall indemnify Party B against
any loss or damage directly or indirectly suf-
fered by Party B as a result of the failure of
the Products manufactured hereunder to com-
ply with the Technical Data(“Defective Prod-
ucts”)or to comply with such laws or regula-
tions; provided, however, that such indemnifica-
tion shall not exceed the total of ex-factory sales
price, costs of delivery and transportation and
other costs associated with the recall of these De-
fective Products.

Each Party hereby indemnifies
the other Party and undertakes to
hold harmless and defend the other Party
against any and all claims, suits, losses, dam-
ages, disbursements (including legal and
management costs) arising out of any alleged
or actual breach or failure to comply with the
terms and conditions hereof including but not
limited to any infringement of the other Party’s
intellectual property or other rights occurring as
a result of the offending Party’s fault, omission
or activities in connection with the Project...

(i) promptly notifies Consultant of any third
party claim subject to indemnification hereun-
der...

N LS V7
AW, RERE, N
5“employees, agents, con-

tractors” 71| A0 HE .

“any loss or damage”#f 7|
Nl = (o E e LI 17 B =1
E, A A H R
“provided, however,
that. .. 7% PWIF Fy{H 7 #2
&7, NREFE N EILE
fEARRR. . ... .,

“shall not exceed...” %
W H ¥ AN E
SUN v M R %
M A2 AN L 55 1L %
iAo

“hold harmless and de-
fend” EEUCE M. ... 7,
ZE, FANEHFITH
B, IRiE“defend”HIE -
“any and all claims, suits,
losses” % 18 13 hy“fE fa] J¢
FrE RS IR~ ik

« “offending Party”{ll 5 #¥

e B TR AT, AN
AN .

 “promptly notifies” ¥ F

9 ST
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Primary Domain: Academic Papers Secondary Domain: Humanities

Prompt (excerpt) Rubrics (excerpt)

PR W BURC B BE IRHR DL
B RSE 5 LA 2 FFE

LN TN el ST
DU, HEO®TER TE, HA)
AIfE . W RIGHE, WR A% 552
o T DL PR R R
EUEM . ARICEER X LB 107
%, FRIUMRINITIEAL MR I = e
— e DIEEE—— REIH AT
MR - SRR R E
AR, MURIEEFEE, AT
=1 HRAZ IR MR IRYE . EiK, KX
RS TR LUR Pl B R4
LLRCR & B BB, RN PTRE S
WHti3A T AR B — i 2 R B
AR I B AR M2 5
SESK MDA, TR KB
0 e, R B LR T, B
RITH . AN WRNES B, (6
UL T 3 ARG 2R B ECERE
8, FEAEERT 25, MAAEHOR

EX:

— RIS WA B fgH 2
HES

SRR H RO, EIAL”, IR
A — VO A B B A R - SEDR
b SRR E X, TR A
BENGS 10T B SRR . (ES 2,
Tt % 4 Kb, A6 EUE 8 A A 5 T 1
(FEAZIE | MAEARARE . BT
AR MR, BIE T AT E &
L, TR SR

e

(&3]

o LAREE, RS TSP 2 TP S8 03k
%, FRA R — R R A« ShASHI IR
Tt — B

o “Hl B M 7% ¥ - sharp
verbal repartee” -

o SANSL LT 25 “no
reliance on words and let-
ters” B “no-dependence on
words and letters” -

SRR A S
J“using words to elim-
inate  words”B{,  “using
words to dispel words” -

cofg B o2 Sl B B
Jy“the finger pointing at
the moon”E{ ; “a finger
pointing at the moon” -

o “F I L AE 9<Word
Contemplation Chan (Kan-
hua Chan)” »

NI N S
J*“koan(s)”’; “gongan
(koans)” o

o K 5E O % Jovthe
Great Doubt” B “great
doubt” -

o UKL H “the criti-
cal phrase (Huatou)” »

S B R
“}1*“desperate state”

o FT W B M O
jﬂ“smashjng the lacquer
bucket”8{“breaking  the
lacquer bucket” -
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C.4 CASE OF DE-DUPLICATION

A single root error may lead to multiple, unfairly penalized issues across different dimensions. To
address this, we introduce the Hierarchical De-duplications. This system ensures each error is traced
back to its single fundamental dimension and penalized only once, eliminating redundant scoring.
A case is shown blow.

First Judge

acc_first_judge

RS 1

FIRIL BV : 2
[FIRIRTY: JRi

[ & 5 #7: “Does
Machiavelli hold up
Borgia as the model

prince?” % 3R I |

flu_first judge

TS 1

("] R B V- 3

(R R 2R 3B 4R E
t

t

[B] & 53 #7: “Does
Machiavelli hold up
Borgia as the model

app-first_judge

FIRFFS: 1
BEF5:3
[FIRIRTY: WA

[A] & 5 #7: “Does
Machiavelli hold up
Borgia as the model

prince?” 1 3CRFIELA)

RXA], LN prince?” % SCHF It A1) TEEW, HEK
iy B B B S aHg, BT EX HFfAf]  — i
9 MERERR, #15 RYE (BER)

R B

17 3CER DT B A] 2]

M., X4k 3

LTI =R . FRERANAFLT
AR AR R ] w®, BEEE TR
il HTE PR XA -

TS 2
IR 6
(R TY SB R T
7

X

[ & 93 Ar: i ST Y
Wik ZHE: i

ﬂ;“ﬁfﬁﬁﬁ : B

AT 2
BkF5:7
(RIS X%

[] & 43 e TR SCH

H NS SCE I fY] "Machiavelli re-
M, 5 H—AE inforces the prince’s
KR, RIEHE5I need to be feared by
H ) BL R 4 EE AR stating:” s — >4
FE RN A o T BRI AREIER R
NHEZMT AXE o ALLOX T
MEBMAE, & %A TR B TR TR T
W& 7 Ak U A Y BE. MTATWr T 5
130, TEL T R SCEF IR, A
BN - TR

Al AR L (]
il

AR AR 5 ]
il

. J

De-duplication

5 2

BEHE: [accuracy/dlf1] - [fluencylW@i1] 5 [styleln]&H1)

[P =B ¥ H T % 308N 1 R 30K 1% 7] f]“Does Machiavelli hold up Borgia
as the model prince?” [ [A] @ - accuracy H U A “Umi%”, fluencyRF H I3 H“iZ % 7
PRI, styleMPA R EIRR T BRI - MRARE 7 N5 -

FIMTLE S A RS Taccuracy,  [fluency@i1] 5 [stylelal@i1] RifBR

- J
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Final Judge

acc_final_judge
[R5 1
(R EL: 2
[FIRARTY: i
[a] & 4 B “Does
Machiavelli hold up

Borgia as the model
prince?” ¥ R T

XA), S BN
E’J 8 4 o7 B B

lﬂ%ﬂf‘ﬁﬁfﬁ: il

flu_final_judge
[R5 2
[FIREEL: 6

Al R B % B
T

o] B4 BT TR SO
WIRBHEE: L#R
HASCE CE
&, H5IH—AE
SAEIE, RIGES
H T 3 R 4 B AR
ErR O <A TR
NEZW T AXE
NEMMEE, &
B%T@EIEEMME’J

app-final judge
[T 5: 2
BEFS:7
[FIRARTY: A%
7] & 43 A JR S0 H?
A ’Machiavelli re-
inforces the prince’s

need to be feared by
statmg 51: — /l\ iy

THYTHRE

513, #TEL TR X [l R AR B
CYN =N %ﬁsﬁ il
% ) & B 3% £
n] ™ AR B (]
5
N J

D CASE ANALYSIS

D.1 CASE OF METRIC FIDELITY VALIDATION

The assessment indicates that for the evaluation of model performance, the Metric-S system demon-
strates a significantly higher correlation with expert human judgments compared to other metrics.
[lustrative examples from the evaluation are provided below.

Case 1 is shown below:

This phase is called the preliminary design, since this design is still subject to change. Usu-
ally, a crude, fast analysis method is adequate. At this stage, the cost of the structure is
estimated, loads and member properties are revised, and the design is checked for possible
improvements. The changes are now incorporated in the structure, a more refined analysis is
performed, and the member design is revised. This project is carried out to convergence, the
rapidity of which will depend on the capability of the designer. It is clear that a variety of
analysis methods, ranging from “quick and dirty to exact”, are needed for design purposes.
An efficient analyst must thus be in command of the rigorous methods of analysis, must be
able to reduce these to shortcut methods by appropriate assumptions, and must be aware of
available design and analysis aids, as well as simplification permitted by applicable building
codes. An up-to-date analyst must likewise be versed in the basics of matrix structural anal-
ysis and its use in digital computers, as well as in the use of available analysis programs or

software.
_ J
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Response

------ SHBEMT S EEHIT N, KBS R (P B0TRr B - R BuE A
RETUDTIE, FEEETHAMNE - FERSMESHEIE, HFMABIT AR 2K
PEEHM O BERT, 1EMEREE RS — R BURT BT ITEES - AT %
T AR B NP B SRS 0 22 2 IR A -

R AT ITAL AT REE T IR AL el & B B AL L T, ABIT X
AT TE RV VFRIRIAL ARG RS AT R & H AT B SEIEA
i%éﬁdéﬁﬁﬂﬁﬁ*ﬁﬁ?’—%?ﬂ# - MEFUIL, TTREWF 7] ARHRIN B ARG T Bk

&

-

Human Judge
Score: 0.675

Output:

TR OB BE A s i Jii 13 “since this design is still subject to change”;
BRUBEIR R E IR FERE LG 4 b7 R R EH B SEBIBOR BT I 3% “An up-to-date ana-
lyst must likewise...”;

BRI CMEE L. SOOI R PR N, R,

.

N\

Metric-S

Score: 0.580

Output:

(IR, “Ymig,

(] @ 5 H1: 5 3 “since this design is still subject to change”#%Imi%E, M | XW) 5%
T R R EE A

[l TE;

[AIRRETY . g%,

f?%ﬁ*ﬁ: JESC X 43 T “efficient” Al “up-to-date” B R M7 W, K& &3F, 1BE
(R RE AR s

(RIS, HfiE,

AR AT ORI T E SO RS HEIEE. .

I ERRE: <E”;

§

g

X-COMET

Score: 0.177 Output: None

&

g

Case 2 is shown below:

Prompt

WREFESE: R EFOMBERETS, o8 M BEE, XPEEn
B, HRFIEAESE . BB ALY MIBRERME B A B E S
P R A E B AR BT R AR ZIREE, X, HEAN
WE. HEREEZHEEST XH—KREE, HriEes H R %2550%833007)
W, EeE&EXPUEE—. RIVEKRER, BSOS SRS I, FRR
IWEKESZHTYITE, NEKEXBENERRTEZT Y RMHMETE -

&

g

28



Published as a conference paper at ICLR 2026

Response

One in Every Four Ketchup Bottles Worldwide Comes from Xinjiang—A Pride and Contri-
bution of the Region Why Is Xinjiang Tomato So “Red”? Unrivaled Geographic Conditions:
The “Golden Land” for Tomatoes Tomatoes, originally introduced to China from abroad,
thrive under abundant sunshine and dramatic temperature swings—conditions Xinjiang per-
fectly provides. With annual sunshine hours reaching 2,550 to 3,300, Xinjiang ranks first
among all Chinese provinces and regions. The region’s tomatoes are further enhanced by
irrigation from Tianshan mountain snowmelt, rich in minerals and trace elements.

-~
-

Human Judge

Score: 0.525

Output:

j(ﬂ?iﬁﬁ_‘?: Why Is Xinjiang Tomato So “Red” A ARIL XK ;
IR 3. “With annual sunshine hours reaching 2,550 to 3,300, Xinjiang ranks first
among all Chinese provinces and regions.” X A& K& 7 [E B

Hix{mi%: “The region’s tomatoes are further enhanced by irrigation from Tianshan moun-
tain snowmelt, rich in minerals and trace elements. X AJiEIRIFERER LEL, iR

-
N

Metric-S
Score: 0.400

Output:

FIRIRA. <Jgig”; M. FEXE—f oy <H REERIERE & XK — K5
. B A F H R EAT IA2550%3300/N. L. e B E R N B BRI BT 1A
¥, sEanlE AP acH BEERFER SR —RER, SERBENTE
BRK . FETERE: TUE

FLARAL: “SALIER; RIS FICDFRhRRE, BIeHRmIEeE, Wis
H 2GR - AR EFE N red”, HEFEZFE I hot” RIRiA“SZ UM H) & 3L« FEIL
RTHERFE N Red”, BRI LT 515 UIRRERIRANE, EARGERE T AU -
HEXERLE S FIRTEER: <EhR”

s
-

Score: 0.211 Output: None

D.2 CASE ANALYSIS OF DIFFERENT LLM MODELS

D.2.1 CASE ANALYSIS OF LLM PERFORMANCE VARIATIONS ACROSS DIFFERENT
DIMENSION

The models’ performance is not balanced across the three dimensions (Accuracy, Fluency and Ap-
propriateness). For example, Claude-4 performs well on Accuracy but poorly on Fluency-its trans-
lations are semantically correct but not smooth or natural. Conversely, DeepSeek-V3 performs well
on Fluency but poorly on Accuracy.
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Prompt

<t B —ILPIR 3N BAFIAEEE, RATMAERND  FrERL R 2Bl
Bt~ BF5E5 - 0 &R AEY B AT A A0 K AR - IR0, ST
FMAFE =R RS FENMFERAR - 2R EEORTIE 8 R O R SR
MR BAN 1B AT R RN AR, AEHNNREFKCESRELRNA,
g)ﬁTﬁﬁéEﬁ%ﬁﬁ@ﬁﬁﬁﬁ%%%ﬁ 5T 3R TR R X — BR R Tk 53 T %
7:?/%;5‘;% X o

Classification: News and Information; zh-en

-
g

GPT-5-high Response

“Globally, the genomes of 13 tomato species have been characterized; we now have 11 of
them,” said Yu Qinghui, [...] a world-leading reservoir of tomato genetic resources.

Score: 90
accuracy: 60 — fluency: 20 — appropriateness: 10

Analysis: Accurate terminology, fluent prose, the translation exemplifies the professional
style of science news.

-~
N\

Claude-4 Response

“Worldwide, 13 tomato species genomes have been researched in total, and we now possess
11 of them,” said Yu Qinghui, [...] opening up a treasure trove of research in the field of
tomato genetic resources, transforming Xinjiang from a major planting region to a world-rich
area for tomato genetic resources.

Score: 63
accuracy: 45 — fluency: 8 — appropriateness: 10

Analysis: The meanings of “research” and “possess” are correct, but the contextual flow
is not smooth; “opening up” is a literal translation and fails to capture the metaphorical
meaning.

-
g

DeepSeek-V3 Response

“Out of the 13 tomato species genomes researched worldwide, we now have mastered 11,”
said Yu Qinghui, [...] elevating Xinjiang from a major planting region to a global hub for
tomato genetic resources.

Score: 46
accuracy: 25 — fluency: 16 — appropriateness: 5

Analysis: “mastered” is a mistranslation and does not fit the original meaning.

-
N\
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D.2.2 ASYMMETRY IN TRANSLATION DIRECTIONALITY: AN ENGLISH-TO-CHINESE CASE
STUDY

The case reveals a significant performance disparity, with models performing considerably worse
when translating from English to Chinese compared to the reverse direction. For instance, even the
top-ranked GPT-5-high shows a noticeable quality gap between its English-to-Chinese output and
the translations produced by professional human experts.

Machiavelli further went on to question the loyalty of the citizens and advised the Prince that
”...because men a wretched creatures who would not keep their word to you, you need not
keep your word to them.”

The same to Hanfeizi. ...... He believed that human beings were driven by the greed for
profit. We can see some trace in his famous saying: strict mother has kind children, while
kind mother has brute children.

Both of them believed that the relationship among human beings was a kind of naked inter-
est_oriented relationship.

Classification: Humanities; en-zh
N\ Y,

Reference Response (Human)

DR — D PSR R AR AEIE, HFHMEE: « ESPPN b=l U
MASETRHRIIES B MR AT A TR S - >

EhAE TR F LA - N, ARBEEZF A DTARBTARERT - MBI E S
TERTIRE, MARENT &, FErSEL—K-
A= AEIA, A5 ANZER—FREREIA @R R -

GPT-5-high Response

ftostt—H FRERMBIR, HEREE TRARBHIEY, R RFE, f
HIR R I TSFE \

SAETFHBEINA - ... WIAHAZERIZOIRE o X T T4 &7
T BB FHER. I, AR R R A

Score: 81
accuracy: 45 — fluency: 16 — appropriateness: 20
\ J

GPT-5-high Response Judge Analysis

{5 2, (AT R SCH B “strict mother has kind children, while kind mother has
brute children” & X ¥ 3 7 EAR B SCHG IR o 13 SORFH B B 9 @ AR B B HE 2
¥, BERZWIL . 2 F BRI NENL (FETF-B%) FECRBERT, ™
RIBE W TR IR E, MESEMRT" . RRFELS5%E SREECREMEL, |
BEXEHRE— T REMATE, M AZESREEE B EORERR, FIFECAH
FETR, RIBEE HESK . | HIWrEE R Bk}

{IRIAF5: 1, AR EF R E, R [RICFkThe same to Hanfeizi”,
BN HIET B RN - WK TR B ABBIER, EEABRETL, 51
MRS B AP, A ER . EIEIRK B AT LU FhAE Tt Rtk Bl E
FEFHFFHEFEEE . REERE: HRE}

.
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D.2.3 CASE ANALYSIS BETWEEN THINKING LLM AND NON-THINKING LLM

The study finds that thinking models generally underperform in non-thinking translation tasks.
Thinking models are more prone to omitting information or providing summarized translations,
which may lead to information loss.

Incidents may be diagnosed and resolved by people in many different groups, depending on
the complexity of the issue or the incident type. All of these groups need to understand the
incident management process, and how their contribution to this helps to manage the value,
outcomes, costs, and risks of the services provided: Some incidents will be resolved by the
users themselves, using self-help. Use of specific self-help records should be captured for
use in measurement and improvement activities.

Classification: Academic Papers; en-zh

&

g

Non-thinking Response

ARG P B (R R SRR B4 F] BE 22 1> [ B BN B3 AT (2 T A
R PrEX RN R BT B AR, LIRS 50 (a5 B B A S 14
ARSTRIMME « R ~ BASRIURS:  F LR R o BB ARSS BATRER - NAE
FHFE BBIARSSIEREAEL, AT UEMBGHES) -

Non-thinking Score: 71
Accuracy: 45 — Fluency: 6 — Appropriateness: 20

&

g

Thinking Response

RIEHFEREERT, DU SR AEW 2 MRIEK: - AlE i B B ARk S5 gk
R, MHRICFMAANE S B ES -

Thinking Score: 14
Accuracy: 0 — Fluency: 4 — Appropriateness: 10

E SEVERE LEVELS IN DIFFERENT EVALUATION DIMENSIONS OF METRIC-S

Accuracy. Representing the foundation of a translation, this dimension assesses factual correct-
ness and usability. Errors are heavily penalized and stratified by their impact: major for word- or
phrase-level mistakes, critical for paragraph-level deviations, and extremely critical for discourse-
level failures like large-scale omissions.

Fluency. Evaluating the “goodness” of a translation, this dimension focuses on whether the text
is well-formed and reads naturally. As fluency issues typically affect the reading experience rather
than the core meaning, all such errors are uniformly classified as minor.

Appropriateness. Measuring the pursuit of “excellence”, this dimension assesses stylistic and
cultural resonance. Errors in tone, style, or cultural adaptation can significantly alter a text’s intended
impact; thus, any such error is classified as major.
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F MODELS EVALUATED ON DISC0OX

* Open-source LLMs (7): Kimi-K2, DeepSeek-V3 (Liu et al., [2024), DeepSeek-R1 (Guo
et al., [2025a), Qwen—3-235B-A22B-Instruc Qwen-3-235B—A22B—Thinkin Qwen-3-
14B, Qwen-3-8B (Qwen Team, [2025)).

* Closed-source LLMs (11): GPT-40, GPT-4.1, o03-high, o04-mini-high, GPT-5-
high (Achiam et al., 2023; |OpenAl, 2025b; 2024; [20254), Claude-4—Sonnet-Thinkingﬂ
Claude-4-Sonne| (Anthropic| [2025), Doubao-1.6-Thinking?} Gemini-2.5-Pro, Gemini-
2.5-Flash-Lite (Google Cloud, [2025bZa), WebCrawl—grok4—commo

* Domain-specific LLMs (1): Youdao-14B [ﬂ
* NMT system (1): Google Translateﬂ

G CORRELATION FRAMEWORK OF EVALUATING ALIGNMENT OF DIFFERENT
METRICS WITH HUMAN JUDGMENTS.

To evaluate alignment with human judgments, we adopt a unified pairwise ranking consistency
framework (Freitag et al.,|2024). For any two model outputs a and b under the same evaluation unit
(system or segment), let s (@), s (b) denote human scores and s (a), s (b) denote metric scores.
A pair is counted as consistent if

sign (s (a) — s" (b)) = sign(s" (a) — ™ (b)).
* At the system-level, we employ Soft Pairwise Accuracy (SPA). Unlike standard pairwise

accuracy, SPA accounts for the statistical uncertainty in rankings, providing a more nuanced
comparison of system performance without arbitrarily penalizing metrics for statistical ties.

* At the segment-level, we use the metric, a segment-level accuracy measure with tie cal-
ibration. If s (a) = s (b), we additionally treat the pair as consistent when |s™ (a) —
sM(b)| < 0.05 during the segment-level calculation.

The final correlation score for each metric is the average of the results across all distinct tasks:
system-level and segment-level for both en—zh and zh—en translation directions.

H DETAILED RESULTS OF MODEL PERFORMANCE ON CHINESE-TO-ENGLISH
AND ENGLISH-TO-CHINESE TASKS

The detailed results of model performance on Chinese-to-English and English-to-Chinese tasks are
shown in Table[T3]

I DETAILED RESULTS OF MODEL PERFORMANCE ON DIFFERENT DOMAINS

The results of model performance on all primary and secondary domains is shown in Table[T4]

J  MODEL PERFORMANCE WHEN USING DETAILED INSTRUCTION PROMPTS
AND EMPLOYING GEMINI-3-PRO AS THE JUDGE

During our experiment, we detect that with the simple translation instruction as the input, some
models will produce somewhat unprofessional translations to align with preferences, hindering to

*abbr. Qwen-3-235B

“abbr. Qwen-3-235B-T

4abbr. Claude-4-T

>abbr. Claude-4

®abbr. Doubao-1.6-T

7abbr. Grok-4

$Input limits: 10,000 characters

“abbr. Google-NMT; 5,000 character input limit, with document upload support for longer text
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Table 13: Comparison of model performance on zh—en and en—zh translation tasks. The table
presents a detailed breakdown of scores for each model across the two translation directions. The
‘Diff” column quantifies the performance gap between zh—en and en—zh translations.

zh—en en—zh

Models Diff
Score Accuracy Fluency Appropriateness Score Accuracy Fluency Appropriateness
GPT-5-high 84.49 5235 17.24 14.90 68.83  44.95 13.18 10.70 15.66
Gemini-2.5-Pro 80.22  50.25 15.82 14.15 62.26  43.10 10.46 8.70 17.96
Qwen-3-235B 66.15  36.35 16.80 13.00 53.17  29.95 13.12 10.10 12.98
Kimi-K2 64.12 3290 18.32 12.90 4746 2235 14.56 10.55 16.66
03-high 67.18  36.10 17.98 13.10 4395 2145 13.60 8.90 23.23
o4-mini-high 70.34  40.10 15.94 14.30 39.84  19.00 12.64 8.20 30.50
Claude-4 62.44 4345 7.84 11.15 52.62  35.30 4.12 6.20 9.82
Claude-4-T 6234 4415 6.94 11.25 4470 33.80 4.00 6.90 17.64
Qwen-3-235b-T 58.12  28.45 15.92 13.75 41.81 1795 15.16 8.70 16.31
GPT-4.1 65.82  39.65 13.62 12.55 3348  18.85 8.48 6.15 32.34
DeepSeek-V3 66.97  36.55 17.62 12.80 32.23 9.05 14.78 8.40 34.74
Doubao-1.6-T 53.13  33.65 9.18 10.30 4589 2495 11.04 9.90 7.24
DeepSeek-R1 58.12  28.60 16.72 12.80 34.00 10.90 15.50 7.60 24.12
Gemini-2.5-Flash-Lite 62.51  38.75 11.26 12.50 2551  14.65 4.56 6.30 37.00
Grok-4 59.29  40.70 7.04 11.55 2833 22.05 2.38 3.90 30.96
GPT-40 58.13  30.95 15.88 11.30 21.73 9.75 6.68 5.30 36.40
Qwen-3-14B 4720  26.80 9.00 11.40 31.51  18.00 6.46 7.05 15.69
Google-NMT 46.49 2551 11.90 9.08 27.80  12.47 8.36 6.97 18.69
Qwen-3-8B 3295 18.70 6.20 8.05 2378  11.55 5.48 6.75 9.17
Average 61.37  36.00 13.22 12.15 39.94  22.11 9.71 7.75 21.43

evaluate their translations performances accurately. So we update a version of dataset with detailed
translation instruction prompts to reduce the impact of preference alignment(data released in our
Github codebase). Moreover, we also find that Gemini-3-Pro behaves well on multiple benchmarks,
revealing its potential to be a good judge.

Taking all things into consideration, we add an experiment using detailed instruction prompt and
Gemini-3-Pro as the judge. Notably, this experimental setting is consistent with that adopted in the
Seed-1.8 technical report. The results are shown in Table [T3]

K USE or LLMS

In this paper, we use LLM for polishing writing only. Specifically, the models are used to refine
grammar, improve sentence fluency, and enhance the clarity and readability of the text, without
altering the underlying meaning or introducing new content.
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Table 15: A ranked comparison of model performance on the DiscoX benchmark using detailed
instruction prompt and Gemini-3-Pro as the judge model.

Models Overall Accuracy Fluency Appropriateness
Gemini-3-Pro 75.83 48.75 17.82 8.88
GPT-5.1-high 75.06 45.85 18.71 10.50
DeepSeek-R1 73.90 46.33 18.76 8.85
Gemini-2.5-Pro 73.48 46.15 18.08 9.25
Claude-Sonnet-4.5 71.65 46.76 16.55 8.69
Qwen3-Instruct 65.70 37.10 18.47 10.18
DeepSeek-V3.2 64.55 38.80 16.60 9.15
GLM-4.6 63.90 39.40 16.59 7.88
03-high 60.60 32.40 18.83 9.40
04-mini 59.10 31.33 17.77 9.98
Qwen3-T 59.10 30.78 18.20 10.10
Gemini-2.5-Flash-Lite ~ 56.00 32.18 15.75 8.06
DeepSeek-V3 55.90 28.33 18.50 9.05
Kimi-K2 52.07 24.53 18.55 9.18
GPT-40 50.40 25.70 16.81 7.90
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