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Abstract

Large language models (LLMs) have achieved
strong performance in general machine trans-
lation, yet their ability in culture-aware scenar-
ios remains poorly understood. To bridge this
gap, we introduce CanMT, a Culture-Aware
Novel-Driven Parallel Dataset for Machine
Translation, together with a theoretically
grounded, multi-dimensional evaluation frame-
work for assessing cultural translation qual-
ity. Leveraging CanMT, we systematically
evaluate a wide range of LLMs and transla-
tion systems under different translation strat-
egy constraints. Our findings reveal substan-
tial performance disparities across models and
demonstrate that translation strategies exert a
systematic influence on model behavior. Fur-
ther analysis shows that translation difficulty
varies across types of culture-specific items,
and that a persistent gap remains between mod-
els’ recognition of culture-specific knowledge
and their ability to correctly operationalize it
in translation outputs. In addition, incorporat-
ing reference translations is shown to substan-
tially improve evaluation reliability in LLM-
as-a-judge, underscoring their essential role in
assessing culture-aware translation quality. The
corpus and code are available at CanMT.

1 Introduction

In the era of globalization, Machine Translation
(MT) has become a cornerstone technology for
cross-lingual communication and global informa-
tion exchange (Bahdanau et al., 2014; Ye et al.,
2024a; Gain et al., 2025). Recent advances in large
language models (LLMs) (Achiam et al., 2023)
have further reshaped the MT landscape, position-
ing LLM-based translation as an increasingly domi-
nant paradigm (Hendy et al., 2023; Jiao et al., 2023;
Zhu et al., 2024; Huang et al., 2024).

*These authors contributed equally to this work.
†Corresponding author.

Despite the impressive progress in general-
purpose translation, existing studies on LLM-based
MT focus on literal-level translation quality, such
as adequacy and fluency. However, language is
deeply intertwined with culture, reflecting underly-
ing cultural values, beliefs and social norms. Effec-
tive translation therefore often requires more than
lexical or syntactic equivalence.

Prior work has advanced cultural translation eval-
uation, but most approaches focus on narrowly
defined domains such as cooking recipes (Cao
et al., 2023; Hu et al., 2024; Zhang et al., 2024),
proverbs (Wang et al., 2025), idioms (Li et al.,
2023) and poetry (Chen et al., 2025). In these
datasets, cultural cues are concentrated in a small
set of genre-specific features, limiting the evalua-
tion of models in broader, unstructured contexts.
Yao et al. (2024) construct parallel corpora from
Wikipedia, but the resulting data are largely infor-
mational with homogeneous pragmatic and syn-
tactic patterns, limiting the evaluation of models
in more diverse, naturalistic contexts. More re-
cently, Zhang et al. (2025) introduced parallel data
from bilingual web novels; however, their corpus is
limited to Zh→En, which prevents a thorough eval-
uation of cultural transfer across cultures (Table 1).

To bridge this gap, we propose a Culture-
Aware Novel-Driven Parallel Dataset for Machine
Translation (CanMT), a parallel corpus con-
structed from a diverse set of literary novels
and their high-quality professional translations.
For evaluation, we define assessment dimensions
grounded in established translation studies theo-
ries, capturing translation quality from multiple
perspectives, including contextual accuracy (Hal-
liday, 1978), cultural adaptation (Venuti, 2008),
functional equivalence (Nida, 1964), fidelity (New-
mark, 1988), and naturalness (Newmark, 1988).

Building on CanMT, we conduct a series of
experiments to systematically study culture-aware
translation. First, we evaluate and compare the
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Benchmark Evaluation Focus Data Source # Translation Directions

CulturalRecipes (Cao et al., 2023) Cultural Adaptation in Recipes Cooking Recipes 2
MAPS (Wang et al., 2025) Proverb Translation (dialogue context) Proverbs 8
PoetMT (Chen et al., 2025) Poetry Translation Poems 1
DITING (Zhang et al., 2025) Novel Translation Novels 1
CAMT (Yao et al., 2024) Cultural-Specific Items (word / phrase-level) Wikipedia 12

CanMT (Ours) Sentences in Diverse Cultural Scenarios Novels 12

Table 1: Comparison of related translation benchmarks.

translation performance of a range of represen-
tative models and translation systems. Second,
we investigate how different translation strategies
(Communicative Translation and Semantic Trans-
lation) affect translation quality (Newmark, 1981).
Our results indicate that culture-aware translation
performance generally improves with model scal-
ing up. Furthermore, “Test-time Scaling Reason-
ing” enables consistent and incremental gains. In
terms of translation strategies, communicative strat-
egy tends to enhance fluency and functional ade-
quacy, whereas semantic strategy prioritizes accu-
rate meaning transfer during translation.

In addition to the main experiments, we con-
ducted several analyses. First, regarding strategy
preference, similarity analysis reveals a systemic
bias toward semantic translation in default transla-
tion settings, suggesting that LLMs tend to adopt
a translation strategy that is closer to a semantic-
oriented approach; Second, across culture-specific
items (CSIs) (Newmark, 1988) categories, we iden-
tify a clear difficulty hierarchy: models excel at
geographic and ecological terms but struggle sig-
nificantly with nuanced linguistic-symbolic items;
Third, by probing the relationship between knowl-
edge and performance, we find that while correct
cultural knowledge generally aids translation, a
persistent "knowledge-application gap" remains;
Finally, we demonstrate that reference translations
are vital for calibrating automatic evaluators, as
their inclusion consistently improves alignment
with human judgment across cultural dimensions.

Overall, this work introduces the CanMT bench-
mark for investigating culture-aware translation in
LLMs, enabling a systematic evaluation of model
behavior in culturally grounded translation settings.
Our empirical analysis provides detailed insights
into models’ behavior in culture-aware translation,
and establishes a reliable reference point for future
research on cultural adaptability.

2 Related Works

Culture-aware Machine Translation. Despite
the rapid progress of LLMs in general multi-
lingual capabilities (Qin et al., 2024; Ye et al.,
2025b,a), their ability to accurately convey culture-
specific meanings remains insufficiently under-
stood. Culture-aware machine translation aims to
preserve culturally grounded meanings across lan-
guages. Existing work can be broadly grouped
into two main categories. The first focuses on
specific culturally relevant linguistic phenomena,
such as recipes (Cao et al., 2023; Hu et al., 2024;
Zhang et al., 2024), proverbs (Wang et al., 2025),
idioms (Li et al., 2023), novels (Zhang et al., 2025),
and poetry (Chen et al., 2025). The second utilizes
parallel corpora enriched with cultural information
to construct benchmarks (Yao et al., 2024; Singh
et al., 2024) and Ye et al. (2024b) recently proposed
XTransplant for cross-lingual complementarity in
culture scenarios. Among them, Yao et al. (2024)
introduced the CAMT dataset, which is primarily
derived from Wikipedia. While Wikipedia provides
well-aligned parallel data, its predominantly fac-
tual content offers limited coverage of the narrative
structures and stylistic variation characteristic of
literary texts. In contrast, CanMT leverages novels
originating from the target culture, encompassing
richer cultural expressions and more diverse lin-
guistic styles, and thereby enabling a more compre-
hensive and systematic evaluation.

LLM-as-a-Judge. Due to the complexity and
diversity of cultural translation, we employ an
LLM-based approach to evaluate models’ trans-
lation across multiple dimensions. Recently, the
use of large language models for machine trans-
lation evaluation has gained increasing popularity.
Kocmi and Federmann (2023b) proposed GEMBA,
demonstrating the potential of GPT-4 in assessing
MT quality. Building on this, Kocmi and Feder-
mann (2023a) combined GEMBA with the MQM
evaluation framework, using error span detection
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Phase1:
Data Preparation & Alignment

Phase2:
CSI Lexicon Construction

Phase3:
Filtering & Finalization

Source Novels
(Original Text & Multilingual Versions)

Sentence-level Alignment

Identify CSIs
Model: Llama-3.1-70B

Identify CSIs
Model: Qwen2.5-72B

Union Operation

Initial CSI Lexicon

Lexicon Filtering
Model: DeepSeek

Filtered CSI Lexicon

Mapping CSIs to Sentences

Candidate Sample Pool

Diversity-oriented Selection
via Hierarchical Clustering

Human Verification

CanMT Dataset

Initial Parallel Sentence Pairs

Chinese:那仆人真灵活，一看到当官的就马上点
头哈腰："“长官，嘿嘿，长官。”"

English: The servant really knew how to kiss up. As 
soon as he saw the official he immediately nodded 
and bowed. “Senior officer, greetings senior officer.”

Chinese: 一看到当官的就马上点头哈腰 点头哈腰

Figure 1: Overview of the CanMT dataset construction pipeline, including data preparation, sentence alignment,
CSI-based sentence selection, and diversity-oriented sample selection via clustering and human verification.

Country Language Name of Novels 

America 
English “Adventures of Huckleberry Finn” 

English “The Great Gatsby” 

China Chinese 
《活着》 

(English: “Live”) 

Russia Russian 
« Анна Каренина » 

(English: “Anna Karenina”) 

Japan Japanese 
『古都』 

(English: “The Old Capital”) 

Spain Spanish 
« Don Quijote de la Mancha » 

(English: “Don Quixote”) 
 
 
 

Figure 2: Representative novels from diverse cultural
backgrounds used as sources for building CanMT.

to systematically evaluate MT outputs. Feng et al.
(2025) leverage a multi-agent debate mechanism
to assess translation quality from multiple dimen-
sions using error detection strategies. Our approach
adopts a simpler, single-judge, multi-dimensional
evaluation setup that is cost-efficient and more con-
trolled: we provide the LLM with a detailed scoring
rubric in the prompt, which allows a more focused
analysis of evaluation dimensions and translation
objectives in cultural translation.

3 Benchmark Construction

3.1 CanMT Dataset

We construct a parallel corpus based on literary
novels, which exhibit intrinsic cultural specificity
often absent in general-domain corpora. To en-
sure cultural representativeness, we select classic
novels from different countries that have multiple
translations, facilitating the extraction of parallel
sentences. The novels and their corresponding lan-
guage are listed in Figure 2.

During data processing, we first perform

Direction En→Es En→Ja En→Zh Zh→Ja Zh→Ru Zh→Es

# Samples 106 103 111 137 95 146
# CSIs 143 138 148 258 168 272

Direction Es→En Ja→En Zh→En Ja→Zh Ru→Zh Es→Zh

# Samples 134 116 125 106 125 166
# CSIs 300 255 228 221 226 368

Table 2: Statistics of the CanMT across translation
directions, reporting the number of samples and CSIs.

sentence-level alignment on each chapter using
the Vecalign tool (Thompson and Koehn, 2019)
to obtain an initial set of parallel sentence pairs.
From these aligned pairs, we employ LLaMA-3.1-
70B-Instruct (Dubey et al., 2024) and Qwen2.5-
72B-Instruct (Qwen et al., 2025) to identify CSIs,
taking the union of their outputs to construct an
initial CSI lexicon. To ensure its reliability, the
lexicon is filtered by DeepSeek (Liu et al., 2024).

To ensure cultural diversity, we first collect all
sentences containing each CSI and limit the can-
didate pool to at most five sentences per CSI. We
then encode these sentences into embeddings using
LaBSE (Feng et al., 2022) and apply hierarchical
clustering on the embeddings to identify represen-
tative sentences, selecting 200 in total from the
candidate pool. Finally, human annotators review
these selected sentences to remove non-parallel
or low-quality translations, resulting in the final
dataset. The dataset statistics are summarized in
Table 2, with more detailed statistics and the man-
ual filtering procedure provided in Appendix A.

3.2 Evaluation via Multi-Dimensions

To systematically evaluate culture-aware transla-
tion, we propose a multi-dimensional assessment
framework grounded in classical translation theo-
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Dimensions Definition Source Better Translation Worse Translation

Contextual Accuracy Preserves the author-intended
meaning of CSIs. 她在弹琵琶。 She is playing the pipa. She is picking at her banjo.

Cultural Adaptation Culture adaptation of CSIs. 真是‘说曹操，曹操到’。 Well, speak of the devil. It is truly speaking Cao Cao, Cao Cao arrives.

Functional Equivalence Preservation of the source text’s
communicative function. 我是不是还得给你颁个奖？ What do you want, a medal? Do I have to give you an award?

Fidelity Literal meaning and content
preservation. 他走了十里路。 He walked about five kilometers. He ran ten miles.

Naturalness Target-language fluency and
naturalness. 我非常喜欢这本书。 I like this book very much. I very like this book.

Figure 3: Overview of the evaluation dimensions adopted in this study, including their definitions, illustrative
sources, and representative examples of better and worse translations for each dimension.

Dimension H–H τ M–H τ

Contextual Accuracy 0.4536 0.4455
Cultural Adaptation 0.4202 0.3891
Functional Equivalence 0.4416 0.4503
Fidelity 0.4937 0.4625
Naturalness 0.4168 0.4716

Table 3: Evaluation consistency across dimensions. H–
H τ denotes inter-annotator agreement measured by
Kendall’s τ , while M–H τ measures the rank correlation
between machine predictions and human judgments.

ries. Our framework measures translation quality
along five dimensions: contextual accuracy (Hal-
liday, 1978), cultural adaptation (Venuti, 2008),
functional equivalence (Nida, 1964), fidelity (New-
mark, 1988), and naturalness (Newmark, 1988).
The definitions of these evaluation dimensions are
provided in Figure 3.

For each dimension, we employ a 7-point Likert
scale. Detailed scoring rubrics for all dimensions
are provided in Appendix B.2. The overall trans-
lation score is calculated as the arithmetic mean
of the individual dimension scores, allowing for a
unified yet fine-grained assessment.

S =
1

|D|
D∑

d

sd (1)

where D denotes the total number of evaluation
dimensions, and sd represents the score assigned
to the d-th dimension.

For scalability and consistency, we employ
GPT-5-nano as the automatic evaluator to assign
scores for each dimension, with the full evaluation
prompts provided in Appendix B.3. To validate the
scoring procedure, we conduct a controlled human
evaluation and report both inter-annotator agree-
ment and model–human rank correlation.

Specifically, for each translation direction, we
select 100 translation pairs and recruit two profes-
sional bilingual annotators to independently score

across all evaluation dimensions. To quantify hu-
man–human agreement, we compute Kendall’s
τ between the two sets of human scores. For
model–human comparison, we retain only those in-
stances for which the absolute difference between
the two human scores does not exceed 2. For the re-
tained instances, we use the averaged human score
to compute Kendall’s τ between GPT’s predictions
and human judgments. Table 3 reports evaluation
consistency across different dimensions. To further
assess the robustness of our evaluation, we exam-
ine cross-model consistency across multiple LLM
judges as well as repeated scoring stability. The
detailed results are reported in Appendix B.4.

4 Experimental Setup

To fully evaluate the effectiveness of MT systems
on culture-aware translation and the influence of
different translation paradigms on model outputs,
we compare multiple MT systems under our eval-
uation framework (§ 4.1) and investigate how ex-
plicit semantic and communicative translation con-
straints affect their translation behavior (§ 4.2).

4.1 Models & Systems

Our experiments cover a wide range of models or
systems:

• Open-source LLMs: We evaluate a set of rep-
resentative open-source large language models,
including the LLaMA3 (Dubey et al., 2024),
Qwen2.5 (Qwen et al., 2025), Qwen3 (Yang et al.,
2025), and Mixtral (Jiang et al., 2024). In addi-
tion, we consider more recent models, namely
DeepSeek-V3.2 (Liu et al., 2025), DeepSeek-
R1 (DeepSeek-AI, 2025).

• Proprietary Models: We evaluate a set of
widely used proprietary models, including GPT-
4o, GPT-4 (Achiam et al., 2023), Gemini-2.5-
Flash-Lite (Team et al., 2023), and Grok-4.1.
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• Specialized MT Models: We evaluate dedicated
machine translation systems, including NLLB-
200 (Costa-Jussà et al., 2022), Seed-X (Cheng
et al., 2025) and LLaMAX3 (Lu et al., 2024)
which are specifically designed for translation.

• Production Systems: We further incorporate
widely deployed industrial translation engines,
namely Google Translate and Youdao Translate,
as real-world production-level baselines.

All open-source models and specialized MT
models, except for the DeepSeek series, are de-
coded using greedy decoding. Detailed decoding
settings and translation prompts for all systems are
provided in Appendix C.

4.2 Translation Strategies

In addition, we explore the impact of transla-
tion paradigm on culture-aware translation qual-
ity. Inspired by classical translation theory (New-
mark, 1988), we design two strategy-constrained
prompts and evaluate model performance under
these paradigms.

Semantic Translation Constraint. Emphasizing
preserving the meaning and core informational con-
tent of the source text, discouraging paraphrasing
or the introduction of unstated information.

Communicative Translation Constraint. Em-
phasizing producing translations that are natural
and culturally appropriate for target-language read-
ers, while fulfilling the intended communicative
function of the source text.

5 Results and Analysis

5.1 Translation Ability across Models

Table 4 presents the overall culture-aware transla-
tion performance of all evaluated models across 12
language directions.1

Model-wise Comparison. Proprietary LLMs
and state-of-the-art open-source models consis-
tently outperform traditional production systems
across the benchmark. Notably, the performance
gap between top-tier open-source and proprietary
models has marginally narrowed. Furthermore, the
specialized Seed-X exhibits strong efficiency; de-
spite its smaller parameter footprint, it competi-
tively rivals much larger general-purpose models.

1Detailed results across dimensions are reported in Ap-
pendix D.2.

(b)(a)

Figure 4: a) Improvement from “Test-time Scaling Rea-
soning” across evaluation dimensions. b) Comparison
of strategies across evaluation dimensions.

Scaling Effects in Open-source Models.
Among open-source systems, translation perfor-
mance exhibits a clear positive correlation with
model scale. Taking the Qwen2.5 series as an
example, scores increase monotonically from 7B
to 14B, 32B, and 72B in nearly all language direc-
tions. This trend indicates that larger open-source
models consistently achieve stronger culture-aware
translation performance, highlighting the benefits
of scaling for cross-lingual and cultural tasks.

Effect of “Test-time Scaling Reasoning”. As
shown in Table 5, the Qwen3 variants and Seed-X
exhibit consistent gains from "think" mode, indicat-
ing that incorporating reasoning mechanisms can
contribute to enhanced culture-aware translation
performance across multiple language pairs.

To identify the specific drivers of this perfor-
mance boost, we present a dimension-wise break-
down in Figure 4 (a). While reasoning strategies
generally yield positive shifts across all metrics, the
distribution of gains is non-uniform. Specifically,
the think models exhibit the most pronounced en-
hancement in Fidelity, indicating that the reasoning
process primarily aids in strictly adhering to the
source content’s meaning. In contrast, the improve-
ment in Naturalness is the least significant, suggest-
ing that current reasoning mechanisms focus more
on semantic transfer than on stylistic fluency.

5.2 Effect of Translation Strategy Constraints
This section analyzes the impact of different trans-
lation strategy constraints on translation quality, by
comparing model performance under each strategy
across multiple evaluation dimensions.2

Communicative vs. Default Translation. As
shown in Table 6, compared to the default transla-

2Detailed results are reported in Appendix D.3.
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Model En→Es En→Ja En→Zh Es→En Es→Zh Ja→En Ja→Zh Ru→Zh Zh→En Zh→Es Zh→Ja Zh→Ru Avg

Proprietary LLMs
GPT-4 4.88 5.16 5.33 5.24 4.91 5.18 5.23 4.79 5.52 5.21 5.34 4.88 5.14
GPT-4o 4.74 4.99 5.21 5.07 4.66 5.03 4.93 4.75 5.35 4.92 5.11 4.75 4.96
Gemini-2.5-Flash-Lite 4.97 5.08 5.11 5.05 4.63 4.96 4.72 4.84 5.40 5.16 5.07 4.97 5.00
Grok-4.1 4.99 5.34 5.22 5.22 5.03 5.04 5.17 5.00 5.43 5.25 5.17 5.30 5.18

Open-source LLMs
LLaMA-3-8B-Instruct-262k 4.40 3.36 3.89 4.19 3.20 3.41 3.29 3.50 4.33 3.81 3.38 3.32 3.67
LLaMA-3.3-70B-Instruct 4.87 4.83 5.00 5.04 4.57 4.44 4.43 4.61 5.14 4.80 4.81 4.80 4.78
Mixtral-8x7B-Instruct-v0.1 4.47 3.00 3.15 4.81 2.90 3.51 3.15 2.96 4.68 4.19 3.12 3.73 3.64
Qwen2.5-7B-Instruct 4.13 3.52 4.66 4.61 4.04 3.82 4.28 4.31 4.97 3.93 3.65 3.30 4.10
Qwen2.5-14B-Instruct 4.46 4.08 5.00 4.89 4.50 4.32 4.66 4.59 5.26 4.53 4.19 3.66 4.51
Qwen2.5-32B-Instruct 4.71 4.40 5.06 4.99 4.64 4.60 4.82 4.69 5.22 4.74 4.35 4.05 4.69
Qwen2.5-72B-Instruct 4.89 4.84 5.24 5.01 4.72 4.67 4.93 4.85 5.37 5.02 4.74 4.70 4.91
Qwen3-4B 4.01 3.76 4.57 4.43 4.10 3.52 4.24 4.24 4.83 3.82 3.89 3.46 4.07
Qwen3-8B 4.47 4.25 4.91 4.50 4.50 4.02 4.65 4.61 5.03 4.38 4.42 4.05 4.48
Qwen3-14B 4.69 4.65 5.07 4.85 4.62 4.24 4.73 4.83 5.31 4.78 4.73 4.27 4.73
Qwen3-32B 4.66 4.47 5.12 4.92 4.64 4.39 4.77 4.83 5.19 4.71 4.86 4.34 4.74
DeepSeek-R1 5.01 5.08 5.24 5.16 4.65 4.97 4.84 4.70 5.28 5.05 5.07 5.22 5.02
DeepSeek-V3.2 5.05 5.21 5.31 5.10 4.82 4.88 5.07 4.86 5.41 5.10 5.15 5.00 5.08

Specialized MT Models
Seed-X-PPO-7B 4.78 4.69 5.14 4.86 4.60 4.21 4.28 4.69 5.37 5.07 4.45 4.96 4.76
NLLB-200-3.3B 4.04 3.15 3.07 3.96 2.83 2.67 2.49 3.24 3.20 2.93 2.71 2.86 3.10
LLaMAX3-8B-Alpaca 4.07 3.90 4.12 4.45 3.61 3.70 3.94 3.81 4.46 3.89 3.77 3.69 3.95

Production Systems
Google Translate 4.45 4.64 4.70 4.54 4.06 4.35 4.02 4.54 5.00 4.61 4.33 4.72 4.50
Youdao Translate 3.59 3.72 4.89 4.11 3.46 3.61 4.67 3.28 5.14 3.35 4.35 3.55 3.98

Table 4: Overall translation performance across language directions. For the Qwen3 series and Seed-X models, only
the non-reasoning variants are included.

Model w/o think w/ think

Qwen3-4B 4.07 4.25 ↑0.18
Qwen3-8B 4.48 4.63 ↑0.15
Qwen3-14B 4.73 4.82 ↑0.09
Qwen3-32B 4.74 4.89 ↑0.15
Seed-X-PPO-7B 4.76 4.85 ↑0.09

Table 5: A comparative analysis of model performance
with and without the "think" mode.

tion, the communicative constraint leads to consis-
tent improvements in Naturalness and Functional
Equivalence across most models. This indicates
that the communicative constraint primarily fo-
cuses on facilitating target readers’ comprehension.

Semantic vs. Default Translation. The seman-
tic constraint leads to limited improvement across
evaluation dimensions, and in some cases is associ-
ated with slight performance declines.

To better understand how different constraints
shape translation behavior, we analyze the direc-
tional preferences induced by the two constrained
translation strategies. As shown in Figure 4 (b),
the communicative constraint consistently yields
improvements in Naturalness, Functional Equiva-
lence, and Cultural Adaptation across most models,
suggesting that the communicative strategy encour-
ages translations that are more fluent, functionally
appropriate, and readily comprehensible to target-
language readers.

In contrast, the semantic constraint demon-
strates more conservative and asymmetric trade-

0.70 0.75 0.80 0.85 0.90 0.95

Similarity Score

Qwen3-8B(w/ think)

Qwen3-8B(w/o think)

Qwen2.5-7B-Ins

Qwen2.5-72B-Ins

Qwen2.5-32B-Ins

Qwen2.5-14B-Ins

Mixtral-8x7B-Ins-v0.1

Llama-3.3-70B-Ins

Llama-3-8B-Ins-262k

GPT-4o

Gemini-2.5-Flash-Lite

DeepSeek-V3.2

Sim(Default, Communicative constrained) Sim(Default, Semantic constrained)

Figure 5: Similarity of default translations to semantic
and communicative-constrained translations.

offs across dimensions. Under this strategy, Fi-
delity and Contextual Accuracy remain consistently
more stable than other dimensions, indicating a
clear prioritization of semantic faithfulness and
contextual precision. These results suggest that the
semantic translation strategy is more effective at
preserving the original author’s intended meaning,
favoring accurate transmission of source semantics
over target-oriented adaptation.

6 Discussion and Analysis

6.1 Default Translation Preference Across
Different Strategies

To characterize default translation behavior of
LLMs, we measure cosine similarity between trans-
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Model Default Translation Communicative Translation Semantic Translation

CTX CAD FEQ FID NAT CTX CAD FEQ FID NAT CTX CAD FEQ FID NAT

DeepSeek-V3.2 5.17 5.30 5.07 5.07 4.80 4.95 (-.21) 5.20 (-.10) 4.95 (-.12) 4.72 (-.35) 4.71 (-.09) 5.20 (+.04) 5.32 (+.02) 5.04 (-.04) 5.14 (+.07) 4.58 (-.22)

Gemini-2.5-Flash-Lite 5.04 5.22 4.97 5.08 4.68 5.01 (-.03) 5.24 (+.02) 5.05 (+.08) 5.00 (-.09) 4.83 (+.15) 5.10 (+.06) 5.20 (-.02) 4.83 (-.14) 5.07 (-.02) 4.43 (-.24)

GPT-4o 5.03 5.17 4.90 5.10 4.61 5.02 (-.01) 5.19 (+.02) 5.07 (+.17) 4.94 (-.16) 4.94 (+.33) 5.16 (+.13) 5.24 (+.07) 5.05 (+.05) 5.18 (+.09) 4.52 (-.09)

Llama-3-8B-Ins-262k 3.61 4.14 3.60 3.51 3.50 3.60 (-.01) 4.09 (-.04) 3.60 ( .00) 3.50 (-.02) 3.61 (+.11) 3.61 ( .00) 4.15 (+.01) 3.53 (-.08) 3.47 (-.04) 3.44 (-.07)

Llama-3.3-70B-Ins 4.81 5.03 4.72 4.84 4.50 4.68 (-.13) 4.99 (-.04) 4.80 (+.08) 4.65 (-.19) 4.67 (+.17) 4.84 (+.03) 4.95 (-.07) 4.69 (-.03) 4.81 (-.03) 4.35 (-.15)

Mixtral-8x7B-Ins-v0.1 3.71 4.12 3.50 3.48 3.38 3.79 (+.08) 4.21 (+.09) 3.47 (-.03) 3.34 (-.14) 3.44 (+.06) 3.67 (-.04) 4.08 (-.04) 3.33 (-.17) 3.38 (-.10) 3.19 (-.19)

Qwen2.5-14B-Ins 4.53 4.78 4.49 4.49 4.27 4.53 ( .00) 4.86 (+.07) 4.70 (+.21) 4.52 (+.03) 4.49 (+.23) 4.56 (+.02) 4.85 (+.07) 4.53 (+.04) 4.58 (+.10) 4.15 (-.12)

Qwen2.5-32B-Ins 4.73 5.00 4.64 4.72 4.34 4.63 (-.11) 4.93 (-.08) 4.75 (+.10) 4.55 (-.17) 4.58 (+.23) 4.74 (+.01) 4.93 (-.08) 4.60 (-.04) 4.68 (-.04) 4.24 (-.10)

Qwen2.5-72B-Ins 4.95 5.12 4.89 4.97 4.64 4.91 (-.05) 5.14 (+.02) 4.95 (+.06) 4.89 (-.07) 4.83 (+.19) 4.99 (+.04) 5.11 (-.02) 4.87 (-.02) 5.04 (+.08) 4.57 (-.07)

Qwen2.5-7B-Ins 4.13 4.49 4.06 4.00 3.84 4.17 (+.04) 4.56 (+.07) 4.14 (+.08) 4.02 (+.03) 3.98 (+.14) 4.21 (+.08) 4.55 (+.06) 4.11 (+.05) 4.09 (+.10) 3.86 (+.02)

Qwen3-8B(w/o think) 4.46 4.75 4.50 4.47 4.25 4.41 (-.04) 4.73 (-.02) 4.51 (+.02) 4.43 (-.03) 4.29 (+.04) 4.42 (-.04) 4.72 (-.03) 4.40 (-.10) 4.35 (-.12) 4.10 (-.15)

Qwen3-8B(w/ think) 4.61 4.87 4.65 4.70 4.32 4.67 (+.06) 4.88 (+.01) 4.71 (+.06) 4.69 (-.01) 4.41 (+.10) 4.51 (-.10) 4.78 (-.09) 4.49 (-.17) 4.67 (-.04) 4.11 (-.21)

Table 6: Effect of translation strategy constraints across three strategies on five evaluation dimensions: Contextual
Accuracy (CTX), Cultural Adaptation (CAD), Functional Equivalence (FEQ), Fidelity (FID), and Naturalness
(NAT). Default Translation refers to model-generated translations produced without any explicit strategy constraints.
Differences relative to the Default Translation are indicated in parentheses.

lations under the unconstrained setting and under
semantic or communicative constraints.

As shown in Figure 5, default translations con-
sistently exhibit higher similarity to semantic-
constrained translations across most models, in-
dicating that in the absence of explicit constraints,
models default to a semantic translation mode. This
pattern is consistent with Table 6, which shows
that communicative constraints induce larger per-
formance fluctuations. Additional experiments un-
der varying temperature settings further confirm
the stability of this observation (see Appendix E).

6.2 Performance on Category-wise
Culture-Specific Items

To examine how CSI translation performance
varies across types, we analyze translations with re-
spect to Contextual Accuracy and Cultural Adapta-
tion, which primarily reflect CSIs translation qual-
ity. The categorization framework is adapted from
Newmark’s taxonomy of CSI (Newmark, 1988). To
maintain analytical clarity, the study is restricted to
sentences that contain solely one CSI category.3

As shown in Table 7, Geographic and ecologi-
cal items achieve the highest scores, whereas Lan-
guage symbols consistently exhibit the lowest per-
formance, reflecting inherent differences in cultural
content: geographic and ecological references typi-
cally admit direct and conventionalized correspon-
dences across languages, facilitating accurate and
adaptive translation, while language symbols are
inherently abstract and non-compositional. Repre-
sentative case studies illustrating these phenomena
are provided in Appendix F.3.

3Detailed category definitions and the automatic CSI clas-
sification procedure are provided in Appendix F.

Cultural Category CTX CAD

Geographic & Ecological 5.03 5.30
Language Symbols 4.39 4.73
Material Culture 4.64 4.85
Organizations & Inst. 4.88 5.05
Social Culture & Customs 4.58 4.83

Table 7: Translation performance across CSI categories.
CTX and CAD denote Contextual Accuracy and Cul-
tural Adaptation scores respectively.

6.3 Cultural Translation Knowledge Analysis

Furthermore, to investigate the relationship be-
tween CSIs translation knowledge and their trans-
lation quality, we conduct a probing analysis of
cultural translation knowledge, focusing on mod-
els’ ability to identify the appropriate rendering of
the CSI. In our experiments, we use GPT-4o and
construct single-choice questions for CSI transla-
tions based on reference translations, allowing the
model to answer these questions to assess whether
it has correctly mastered the translations.4

As shown in Table 8, models exhibit a consistent
gain for which all questions are answered correctly
compared to sentences where they are not, high-
lighting the role of cultural translation knowledge
in achieving high-quality CSI translation.

However, possessing knowledge does not in-
herently guarantee its faithful application. Fig-
ure 6 illustrates the distribution of scores specif-
ically within the knowledge-correct subset, which
we define as the collection of instances where the
model successfully passes all corresponding prob-
ing questions for a given CSI. We identify a persis-

4The experimental details are presented in the Ap-
pendix G.1.
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Model CTX CAD
w/ Know. w/o Know. w/ Know. w/o Know.

Llama-3-8B-Ins-262k 4.01 3.23 4.44 3.85
Llama-3.3-70B-Ins 5.02 4.34 5.17 4.64
Mixtral-8x7B-Ins-v0.1 4.21 3.54 4.54 3.99
Qwen2.5-7B-Ins 4.37 3.74 4.64 4.26
Qwen2.5-14B-Ins 4.77 4.13 4.97 4.47
Qwen2.5-32B-Ins 4.89 4.36 5.17 4.59
Qwen2.5-72B-Ins 5.11 4.52 5.26 4.72

Table 8: Performance of translation under Contex-
tual Accuracy (CTX) and Cultural Adaptation (CAD).
Scores are shown separately for cases where the model
correctly answered all CSI probing questions (w/ Know)
and where it did not (w/o Know).
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Figure 6: Distribution of CSI translation scores within
the knowledge-correct subset. The lower segments indi-
cate scores ≥ 4 in the corresponding dimension.

tent "knowledge-application gap": a non-negligible
proportion of translations still result in low-quality
outputs despite the models "knowing" the correct
rendering in the probing task. In Appendix G, we
provide a case to illustrate this phenomenon and
explore a simple two-stage inference strategy to
partially mitigate this gap.

6.4 The Role of Reference Translation in
LLM-as-a-Judge

Following Qian et al. (2024), we investigate the
role of reference translations in cultural translation
evaluation. Under the setting described in Sec-
tion 3.2, we perform no-reference evaluation and
compute Kendall’s τ to measure the rank corre-
lation between automatic scores and human judg-
ments across evaluation dimensions.

As shown in Table 9, incorporating reference
translations generally improves the agreement be-
tween automatic evaluation metrics and human
judgments. Our results show that reference trans-
lations play a crucial role in cultural translation
evaluation. They provide reference renderings for
CSIs and serve as a factual baseline for detecting
fine-grained semantic errors, while also helping

Dimension τ w/ Ref τ w/o Ref

Contextual Accuracy 0.45 0.42
Cultural Adaptation 0.39 0.36
Fidelity 0.46 0.41
Functional Equivalence 0.45 0.42
Naturalness 0.47 0.45

Table 9: Agreement between LLM scores and human
judgments measured by Kendall’s τ , with and without
reference translations.

calibrate whether the translation style aligns with
target-language norms. Detailed qualitative anal-
yses of specific cases, presented in Appendix H,
further illustrate these effects.

7 Conclusion

In this paper, we presented CanMT, a novel-driven
benchmark for culture-aware machine translation
spanning 12 directions. Under five theoretically
grounded evaluation dimensions, we systematically
assessed modern LLMs. Beyond establishing that
scaling and reasoning improve performance, our
systematic evaluation reveals that while commu-
nicative strategies significantly enhance target read-
ers’ comprehension, semantic strategies are more
effective at accurately conveying the author’s in-
tent. Notably, we found that LLMs exhibit a default
bias toward semantic translation in unconstrained
settings. Our analysis across CSIs identifies a diffi-
culty hierarchy, where abstract language symbols
remain the most challenging category. Crucially,
we discovered a persistent "knowledge-application
gap", demonstrating that possessing cultural knowl-
edge does not inherently guarantee its faithful ap-
plication in translation. Finally, we showed that
reference translations are indispensable for cali-
brating automatic metrics with human judgment.
Overall, we introduce CanMT, providing a rigor-
ous diagnostic framework for the community, and
highlight several promising directions for improv-
ing culture-aware machine translation, including
stronger inference-time reasoning, richer cultural
knowledge coverage, and more effective bridging
of the "knowledge-application gap".

Limitations

Despite the systematic approach taken in this study,
several limitations remain. First, regarding data
source, our benchmark relies primarily on literary
fiction. While novels offer high-density cultural
content, they may not fully represent the linguistic
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diversity found in other culturally rich domains,
such as social media, historical archives, or oral
history records. Additionally, the reliance on pub-
lic domain or classic texts might introduce a tem-
poral bias, potentially overlooking contemporary
cultural neologisms. Second, our analysis focuses
on sentence-level translation. Cultural meaning is
often constructed discursively across broader con-
texts (paragraph or document level). Future work
should extend this evaluation to discourse-level set-
tings to capture long-range cultural dependencies
and consistency.

Ethical Considerations

We construct CanMT from classic novels and their
professional translations. For works that may re-
main under copyright in some jurisdictions, we
use only sentence-level aligned excerpts for non-
commercial academic research, rather than redis-
tributing full texts. To reduce redistribution risk,
any release will exclude full copyrighted texts and
will be restricted to processed artifacts and, when
necessary, reconstruction scripts or document iden-
tifiers. The dataset is intended for research use only.
Code and other artifacts created by the authors will
be released under the MIT license. Third-party
copyrighted texts and translations, if included in
processed form, remain subject to their original
copyright and access conditions and are not reli-
censed by us. We used Gemini to correct grammat-
ical errors in the manuscript.
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Appendix

A Dataset Construction and Statistics

A.1 Dataset Statistics
To provide a more comprehensive characterization
of the dataset, we present corpus-level statistics
across different language pairs, along with the dis-
tribution of culture-specific item categories.

Table 10 reports the number of sentences and
token-level statistics for each translation direction.
Table 11 shows the distribution of CSI categories
across languages, reflecting a diverse range of cul-
tural phenomena.

A.2 Human Filtering Instruction
During our annotation process, all human annota-
tors were compensated appropriately. The manual
data filtering instruction is illustrated in Figure 7.

B Evaluation via Multi-Dimensions

B.1 Human Evaluation
During our annotation process, all human annota-
tors were compensated appropriately. The manual
evaluation procedure is illustrated in Figure 8–12.

B.2 Scoring Rubrics for Evaluation
Dimensions

To ensure consistency and interpretability of the
multi-dimensional evaluation, we provide detailed
scoring rubrics for each evaluation dimension. All
dimensions are rated on a 7-point Likert scale,
where higher scores indicate better translation qual-
ity.

B.2.1 Contextual Accuracy
Contextual Accuracy measures whether the trans-
lation of the CSI correctly reflects the meaning
intended by the source text within its discourse
context.
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Metric ru2zh ja2zh en2zh en2ja zh2ru zh2es en2es es2en zh2en es2zh ja2en zh2ja

#Sent. 125 106 111 103 95 146 106 134 125 166 116 137
Avg. Len. 34.42 26.03 32.40 32.20 23.92 25.24 33.51 50.71 25.38 46.33 26.16 24.92
Std. 18.98 12.97 20.46 17.40 11.68 12.96 20.28 38.70 13.53 25.41 13.35 12.79

Table 10: Corpus statistics across translation directions. Avg. Len. reports the average source-sentence length
measured in tokens, and Std. denotes the standard deviation of source-sentence token lengths, reflecting the
variability of sentence length within each translation direction.

Lang Geo Lang Sym. Mat. Org. Soc.

en 36 95 58 14 22
es 166 355 279 80 308
ja 94 145 188 31 206
ru 92 244 309 196 288
zh 17 128 81 39 108

Table 11: Distribution of CSI categories across lan-
guages. Geo: geographic and ecological items; Lang
Sym.: language-related symbols; Mat.: material culture;
Org.: organizations and institutions; Soc.: social cus-
toms.

• 1 point (Extremely Poor): The translation
completely distorts or ignores the source con-
text and culturally specific items, leading to
severe misinterpretation of cultural, historical,
or narrative elements.

• 2 points (Poor): The translation shows major
inaccuracies in reflecting the source context,
with significant distortions or omissions of
culturally specific items.

• 3 points (Relatively Poor): The translation
partially captures the meaning of culturally
specific items but includes notable errors or
incomplete incorporation of the background
information related.

• 4 points (Average): The translation ade-
quately reflects the meaning of culturally spe-
cific items on a basic level, with minor inac-
curacies in cultural or historical details.

• 5 points (Relatively Good): The translation
mostly captures the culturally specific item
effectively, with good incorporation of back-
ground but room for improvement.

• 6 points (Good): The translation accurately
and thoroughly reflects the culturally specific

===============================================================================
The goal of filtering is to ensure that each pair of sentences (A, B) constitutes a genuine parallel
corpus—i.e., both express the same core meaning and carry equivalent information.
Examples:
1. Completely Unmatched Content:

Sentence A and B describe entirely different topics or situations.
Example:
A: “The meeting was canceled due to rain.”
B: “天气很好，适合散步。”

(Completely inconsistent in meaning — should be deleted.)
2. Obvious Non-Translation Concatenation:

One side contains multiple sentences while the other includes only part of the content.
Example:
A: “She smiled. Then she walked away.”
B: “她笑了。”

(The latter half is missing — not a complete parallel pair.)
2.2 Mismatched Information Volume (To Be Modified)
1. Contextual Misinterpretation:

Translation omits or generalizes specific details (e.g., person names, times, places) and should
restore the original meaning.

Example:
A: “Finn loves cats.”
B: “他喜欢猫。”

→ Modify to: “费恩喜欢猫。”

(Add explicit subject to restore contextual information.)
2. Partial Alignment: The source covers only part of the target or multiple sentences are
incorrectly merged.

Example:
A: “Finn loves cats.”
B: “费恩喜欢猫。我喜欢狗。”

→ Modify to: “费恩喜欢猫。”

3. Redundant Information: If the translation adds subjective comments or extra information
not in the source, the redundant part should be removed.

Example:
A: “It started to rain.”
B: “天开始下雨，真是糟糕。”

→ Modify to: “天开始下雨。”

===============================================================================

Figure 7: Instruction for human data filtering.

items, incorporating relevant cultural and his-
torical elements well, although at the minor
cost of not adopting the most well-received
translation.

• 7 points (Excellent): The translation uses the
exact commonly accepted translation. Or The
translation perfectly embodies the culturally
specific items.

B.2.2 Cultural Adaptation
Cultural Adaptation assesses whether the trans-
lation appropriately adapts the CSI for target-
language readers, ensuring cultural intelligibility
and avoiding cultural conflict or confusion.

• 1 point (Extremely Poor): The translation
of CSIs causes severe cultural conflicts, with
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===============================================================================
Assess whether the culturally specific item in the sentence precisely reflects the source
language's unspoken context, including paragraph, cultural, historical, or narrative background.
During the evaluation of contextual accuracy, you need to assume the identity of the original
author, infer the unprovided context, and consider whether the translation can be accurately
applied to the context, and whether it accurately incorporates the relevant historical and cultural
background.

- **1 point (Extremely Poor)**: The translation completely distorts or ignores the source context
and culturally specific items, leading to severe misinterpretation of cultural, historical, or
narrative elements.
- **2 points (Poor)**: The translation shows major inaccuracies in reflecting the source context,
with significant distortions or omissions of culturally specific items.
- **3 points (Relatively Poor)**: The translation partially captures the meaning of culturally
specific items but includes notable errors or incomplete incorporation of the background
information related.
- **4 points (Average)**: The translation adequately reflects the meaning of culturally specific
items on a basic level, with minor inaccuracies in cultural or historical details.
- **5 points (Relatively Good)**: The translation mostly captures the culturally specific item
effectively, with good incorporation of background but room for improvement.
- **6 points (Good)**: The translation accurately and thoroughly reflects the culturally specific
items, incorporating relevant cultural and historical elements well, although at the minor cost of
not adopting the most well-received translation.
- **7 points (Excellent)**: The translation perfectly embodies the culturally specific items or uses
the exact commonly accepted translation.

**Example**His estate, Longbourn, is entailed to the male line.
--from Pride and Prejudice, the translation should ensure that inheritance to the male line of the
Bennet family gets properly translated to ensure contextual accuracy.
===============================================================================

Figure 8: Instruction for human eval Contextual Accu-
racy.

no effective adaptation or retention of core
elements.

• 2 points (Poor): The translation of CSIs
shows poor adaptation, leading to significant
cultural clashes or poor understanding by tar-
get readers.

• 3 points (Relatively Poor): The translation
of CSIs includes some adaptation but still re-
sults in notable cultural issues or incomplete
retention of elements.

• 4 points (Average): The translation of CSIs
provides basic cultural adaptation, avoiding
major conflicts but with room for better align-
ment.

• 5 points (Relatively Good): The translation
of CSIs adapts well to target norms, ensuring
good understanding while mostly retaining
core cultural elements.

• 6 points (Good): The translation of CSIs ef-
fectively balances adaptation and retention,
minimizing conflicts and enhancing reader
comprehension.

• 7 points (Excellent): The translation of CSIs
masterfully adapts to the target culture without
any conflicts, perfectly retaining and integrat-
ing core cultural elements. If the translation

===============================================================================
Assess whether the translation achieves adaptation to the target language culture through
adjustments to the culturally specific item, thereby ensuring better understanding by target
language readers while avoiding potential cultural conflicts. During the evaluation of cultural
adaptation, you need to assume the identity of a target language reader, and assess whether the
translation in the target language conforms to the target culture's norms and expectations,
trigger the resonance from the readers, while also retaining core cultural elements effectively.

- **1 point (Extremely Poor)**: The translation causes severe cultural conflicts or
misunderstandings, with no effective adaptation or retention of core elements.
- **2 points (Poor)**: The translation shows poor adaptation, leading to significant cultural
clashes or poor understanding by target readers.
- **3 points (Relatively Poor)**: The translation includes some adaptation but still results in
notable cultural issues or incomplete retention of elements.
- **4 points (Average)**: The translation provides basic cultural adaptation, avoiding major
conflicts but with room for better alignment.
- **5 points (Relatively Good)**: The translation adapts well to target norms, ensuring good
understanding while mostly retaining core cultural elements.
- **6 points (Good)**: The translation effectively balances adaptation and retention, minimizing
conflicts and enhancing reader comprehension.
- **7 points (Excellent)**: The translation masterfully adapts to the target culture without any
conflicts, perfectly retaining and integrating core cultural elements.

**Example1**“I am not religious,” he said. “But I will say ten Our Fathers and ten Hail Marys
that I should catch this fish, and I promise to make a pilgrimage to the Virgin de Cobre if I catch
him. That is a promise.”
--from The Old Man and the Sea, the translation should sensitively handle the Catholic religious
references (e.g., prayers like Our Fathers and Hail Marys, and the pilgrimage to the Virgin de
Cobre) that could be unfamiliar or potentially offensive in non-Christian or secular cultures,
providing subtle explanations or cultural equivalents while retaining the character's sincere vow
to ensure cultural adaptation.
**Example2**She did not understand the beauty he found in her, through touch upon her living
secret body, almost the ecstasy of beauty. For passion alone is awake to it.
--from Lady Chatterley's Lover, The conflict in this description lies in the direct presentation of the
female nude and "no sense of shame." In some cultures, this depiction is seen as a challenge to
the patriarchal gaze and a celebration of bodily autonomy; while in other cultural contexts, it may
be interpreted as immoral or shameless. If the translator uses euphemistic and vague terms, it
completely distorts the core attitude of "no flicker of shame" in the original text. However, if
translated literally, it may face publishing censorship or moral criticism from certain reader
groups.
===============================================================================

Figure 9: Instruction for human eval Cultural Adapta-
tion.

is widely recognized, it can be awarded with
7 points.

B.2.3 Functional Equivalence

Functional Equivalence measures whether the trans-
lation fulfills the communicative function of the
source text, such as informing, persuading, or ex-
pressing attitude.

• 1 point (Extremely Poor): The translation
utterly fails to achieve any of the source’s in-
tended functions, resulting in a complete loss
of pragmatic effect.

• 2 points (Poor): The translation achieves min-
imal functional equivalence, with major fail-
ures in conveying the source’s purpose (e.g.,
criticism or emotion).

• 3 points (Relatively Poor): The translation
partially realizes the source’s functions but
with significant shortcomings in evoking the
intended response.
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===============================================================================
Examine whether the translation achieves the function of the source language sentence, such as
providing more information to the reader, expressing criticism, persuading, or evoking certain
emotions in the reader. During the evaluation of functional equivalence, you also need to assume
the identity of the translator, infer what function the original author intended to achieve in the
source language text, and then assess whether the translation realizes such a function.

- **1 point (Extremely Poor)**: The translation utterly fails to achieve any of the source's
intended functions, resulting in a complete loss of pragmatic effect.
- **2 points (Poor)**: The translation achieves minimal functional equivalence, with major
failures in conveying the source's purpose (e.g., criticism or emotion).
- **3 points (Relatively Poor)**: The translation partially realizes the source's functions but with
significant shortcomings in evoking the intended response.
- **4 points (Average)**: The translation adequately fulfills the basic functions of the source,
though not fully effectively.
- **5 points (Relatively Good)**: The translation mostly achieves the source's functions well, with
good conveyance of intended effects like persuasion or emotion.
- **6 points (Good)**: The translation effectively realizes the source's functions, successfully
evoking the desired reader response.
- **7 points (Excellent)**: The translation perfectly captures and enhances all intended functions
of the source, delivering an optimal pragmatic impact.

**Example**I could not help it: the restlessness was in my nature; it agitated me to pain
sometimes.
--from Jane Eyre, the translation should preserve the raw emotional turmoil and self-revelation
intended by the author to evoke empathy and inner conflict in the reader to ensure functional
equivalence.
===============================================================================

Figure 10: Instruction for human eval Functional Equiv-
alence.

===============================================================================
Assess whether the translation maximally retains the literal meaning and source language
structure of the culturally specific item, avoiding semantic loss caused by paraphrasing or
rewriting. Be faithful to the precise expression and literal meaning of the source language text.
During the evaluation of fidelity, you need to assume the identity of the translator, and assess
whether the translation itself accurately reflects the original meaning, and whether there are
errors or omissions.

- **1 point (Extremely Poor)**: The translation severely deviates from the source's literal
meaning and structure, with extensive errors, omissions, or complete semantic loss.
- **2 points (Poor)**: The translation shows major deviations from the source, with significant
semantic loss due to inaccuracies or unnecessary changes.
- **3 points (Relatively Poor)**: The translation retains some literal elements but includes
notable errors or omissions that affect fidelity.
- **4 points (Average)**: The translation basically preserves the source's literal meaning and
structure, with only minor deviations or omissions.
- **5 points (Relatively Good)**: The translation mostly maintains high fidelity to the source,
with good retention of literal meaning and few minor issues.
- **6 points (Good)**: The translation effectively preserves the source's literal meaning and
structure, avoiding semantic loss almost entirely.
- **7 points (Excellent)**: The translation impeccably retains every aspect of the source's literal
meaning and structure, with no errors or omissions whatsoever.
===============================================================================

Figure 11: Instruction for human eval Fidelity.

• 4 points (Average): The translation ade-
quately fulfills the basic functions of the
source, though not fully effectively.

• 5 points (Relatively Good): The translation
mostly achieves the source’s functions well,
with good conveyance of intended effects like
the offering of information or expression emo-
tion.

• 6 points (Good): The translation effectively
realizes the source’s functions, successfully
evoking the desired reader’s emotional re-
sponse or informing them more about the
story.

• 7 points (Excellent): The translation perfectly

===============================================================================
Examine the fluency and native feel of the translation in the target language, assessing whether
the sentence reads like a mother-tongue expression rather than a rigid transplant. During the
evaluation of naturalness, you need to assume the identity of a target language reader, and
assess whether the translation is readable, natural, and fluent.
- **1 point (Extremely Poor)**: The translation is extremely awkward and unnatural, reading like
a forced or incomprehensible transplant.
- **2 points (Poor)**: The translation lacks fluency, with major stiffness or non-native phrasing
that hinders readability.
- **3 points (Relatively Poor)**: The translation is somewhat readable but includes noticeable
unnatural elements or awkward flow.
- **4 points (Average)**: The translation achieves basic naturalness, reading adequately but
without full native fluency.
- **5 points (Relatively Good)**: The translation is mostly natural and fluent, with good
readability and minor improvements possible.
- **6 points (Good)**: The translation flows naturally, resembling native expression with high
readability.
- **7 points (Excellent)**: The translation is perfectly natural and seamless, indistinguishable
from original target-language writing in fluency and rhythm.

**Example**It is a far, far better thing that I do, than I have ever done; it is a far, far better rest
that I go to than I have ever known.
--from A Tale of Two Cities, the translation should render the repetitive, idiomatic structure of
this long proverbial farewell idiomatically and fluidly in the target language, as if it were a native
expression to ensure naturalness.
===============================================================================

Figure 12: Instruction for human eval Naturalness.

captures and enhances all intended functions
of the source, delivering an optimal pragmatic
impact.

B.2.4 Fidelity
Fidelity evaluates the extent to which the transla-
tion preserves the literal meaning and core infor-
mational content of the source text.

• 1 point (Extremely Poor): The translation
severely deviates from the source’s literal
meaning and structure, with extensive errors,
omissions, or complete semantic loss.

• 2 points (Poor): The translation shows major
deviations from the source, with significant se-
mantic loss due to inaccuracies or unnecessary
changes.

• 3 points (Relatively Poor): The translation
retains some literal elements but includes no-
table errors or omissions that affect fidelity.

• 4 points (Average): The translation basically
preserves the source’s literal meaning and
structure, with only minor deviations or omis-
sions.

• 5 points (Relatively Good): The translation
mostly maintains high fidelity to the source,
with good retention of literal meaning and few
minor issues.

• 6 points (Good): The translation effectively
preserves the source’s literal meaning and
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structure, avoiding semantic loss almost en-
tirely.

• 7 points (Excellent): The translation impecca-
bly retains every aspect of the source’s literal
meaning and structure, with no errors or omis-
sions whatsoever.

B.2.5 Naturalness
Naturalness assesses the fluency and idiomaticity
of the translation in the target language.

• 1 point (Extremely Poor): The translation
is extremely awkward and unnatural, reading
like a forced or incomprehensible transplant.

• 2 points (Poor): The translation lacks fluency,
with major stiffness or non-native phrasing
that hinders readability.

• 3 points (Relatively Poor): The translation
is somewhat readable but includes noticeable
unnatural elements or awkward flow.

• 4 points (Average): The translation achieves
basic naturalness, reading adequately but with-
out full native fluency.

• 5 points (Relatively Good): The translation
is mostly natural and fluent, with good read-
ability and minor improvements possible.

• 6 points (Good): The translation flows natu-
rally, resembling native expression with high
readability.

• 7 points (Excellent): The translation is per-
fectly natural and seamless, indistinguishable
from original target-language writing in flu-
ency and rhythm.

B.3 Prompts for LLM Evaluation

For reproducibility, we provide the exact prompts
used in our evaluation for each dimension, as
shown in Figure 13–17.

B.4 Robustness of LLM-based Evaluation

To evaluate the robustness of the LLM-based scor-
ing procedure, we conduct additional experiments
using multiple independent LLM judges.

Specifically, we sample approximately 1,400
translation instances and re-score them using GPT-
5-nano, DeepSeek-V3.2, and Grok-4.1. For each

===============================================================================
You are an expert evaluator. Please assess the translation below based on the following
instructions.
PART 1: INPUT DATA
Source Language: {src_lang}
Target Language: {tgt_lang}
CSIs: {CSIs}
Source Sentence: {src_text}
Translation: {tgt_text}
Reference Translation: {ref_text}
PART 2: SCORING CRITERIA
Contextual Accuracy (Definition)
Concept: CSI (Culture-Specific Items) expressing unique cultural concepts that were initially
difficult to find exact counterpart in different culture.
You need to determine whether the translation of CSI accurately conveys the meaning intended by
the author. Other parts of the sentence are not within the scope of consideration.
When considering contextual accuracy assessment, if a concept is closely related to a
cultural-specific item (CSI) in the sentence, and its mistranslation would affect the target language
reader's understanding of the CSI, then the translation of this word/phrase should also be included
in the evaluation.
Other parts of the sentence are not within the scope of consideration. The semantic fidelity of the
entire sentence is not within the scope of consideration in this dimension.
Scoring Rubric (1-7):
{Scoring Rubrics for Evaluation }
Critical Rules
MANDATORY RE-TRANSLATION: If score < 7, you MUST provide a better translation of CSI,
or the translation of content that affects the understanding of CSI in the "reason" part.
Untranslated Content Limit: If CSIs are NOT translated into {tgt_lang}, the score MUST NOT
exceed 2.
Output Language: The "reason" must be in English.
Focus only on the CSI provided.
The semantic fidelity of the entire sentence is not within the scope of consideration in this
dimension.
PART 3: OUTPUT REQUIREMENT
Please output the result in strictly valid JSON format exactly as shown below:{
"Contextual_Accuracy": {
"score": 1-7,
"reason": "Your explanation here, including the CSIs' translation in the reference translation. IF
SCORE < 7, PROVIDE BETTER TRANSLATION."
}}
===============================================================================

Figure 13: Prompt for eval Contextual Accuracy.

Dimension GPT-5-nano DeepSeek-V3.2 Grok-4.1

Ctx. Acc. 0.638 0.487 0.578
Cul. Adapt. 0.615 0.490 0.575
Fidelity 0.592 0.378 0.541
Func. Eq. 0.562 0.414 0.553
Naturalness 0.586 0.405 0.544

Table 12: Kendall’s τ correlations across different LLM
judges.

evaluation dimension, we compute Kendall’s τ be-
tween the scores produced by each judge and the
GPT-5-nano scores used in the main experiments.

As shown in Table 12, the scoring results ex-
hibit moderate to strong correlations across dif-
ferent LLM judges, indicating consistent ranking
behavior.

These findings suggest that our evaluation results
are not sensitive to the choice of a specific LLM
evaluator, and that the observed performance trends
are robust across different judging models.
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===============================================================================
You are an expert evaluator. Please assess the translation below based on the following
instructions.
PART 1: INPUT DATA
Source Language: {src_lang}
Target Language: {tgt_lang}
CSIs: {CSIs}
Source Sentence: {src_text}
Translation: {tgt_text}
Reference Translation: {ref_text}
PART 2: SCORING CRITERIA
Cultural Adaptation (Definition)
Concept: CSI (Culture-Specific Items) expressing unique cultural concepts.
Assess whether the translation of culture-specific items achieves adaptation to the {tgt_lang}
culture through adjustments to the culturally specific item, thereby ensuring better
understanding by {tgt_lang} readers while avoiding potential cultural conflicts. During the
evaluation of cultural adaptation, assume the identity of a {tgt_lang} reader, first identify the
corresponding translation of the culturally specific item and related concepts, then consider
whether they correctly convey the meaning, retain the cultural nuance, conform to {tgt_lang}
culture norms, and whether the translation could cause cultural conflicts.
Using a standard, accepted translation for a culturally specific term is not just adequate—it can
be the optimal solution, worthy of the highest score. Such a translation has undergone cultural
negotiation, achieving perfect adaptation, ensuring immediate recognition, zero
misunderstanding, and seamless integration for the target reader.
Other parts of the sentence are not within the scope of consideration. The semantic fidelity of
the entire sentence is not within the scope of consideration in this dimension.
Scoring Rubric (1-7)
{Scoring Rubrics for Evaluation }
Critical Rules
MANDATORY RE-TRANSLATION: If score < 7, you MUST provide a better translation of CSI, or the
translation of content that affects understanding of CSI in the "reason" part.
Untranslated Content Limit: If CSIs are NOT translated into {tgt_lang}, the score MUST NOT
exceed 4.
Output Language: The "reason" must be in English.
Focus only on the CSI provided.
The semantic fidelity of the entire sentence is not within the scope of consideration in this
dimension.
PART 3: OUTPUT REQUIREMENT
Please output the result in strictly valid JSON format exactly as shown below:
{"Cultural_Adaptation": {
"reason": "Your explanation here, including the CSIs' translation in the reference translation. IF
SCORE < 7, PROVIDE BETTER TRANSLATION about CSI.",
"score": 1-7}}
===============================================================================

Figure 14: Prompt for eval Cultural Adaptation.

C Experimental Settings

C.1 Translation Prompts

We use different prompts to implement default,
communicative, and semantic translation strategies.
The full prompt templates are summarized in Ta-
ble 13. For specialized MT models, we adopt their
recommended prompt templates.

C.2 Decoding Settings

Open-source models and machine translation sys-
tems are decoded using greedy decoding, except
for the DeepSeek series, which follows its default
configuration.

API-based models are evaluated using their de-
fault decoding settings, reflecting their standard
usage.

To ensure comparability across systems, we ad-
ditionally rerun experiments with temperature fixed
to T = 0 for all API-based models (See Table 14).

===============================================================================
You are an expert evaluator. Please assess the translation below based on the following
instructions.
PART 1: INPUT DATA
Source Language: {src_lang}
Target Language: {tgt_lang}
Source Sentence: {src_text}
Translation: {tgt_text}
Reference Translation: {ref_text}
PART 2: SCORING CRITERIA
Functional Equivalence (Definition)
Examine whether the translation achieves the function of the {src_lang} sentence, such as
providing information to the reader, expressing criticism, persuading, or evoking certain
emotions.
During the evaluation, assume the identity of the translator, infer what function the original
author intended in the {src_lang} text, and assess whether the translation realizes that function.
Scoring Rubric (1-7)
{Scoring Rubrics for Evaluation}
Critical Rules
Language Penalty: If the translation contains non-{tgt_lang} words (language mixing), score it 1 or
2.
Untranslated Content Limit: If there are words that are NOT translated into {tgt_lang}, the score
MUST NOT exceed 4.
Output Language: The "reason" must be in English.
PART 3: OUTPUT REQUIREMENT
Please output the result in strictly valid JSON format exactly as shown below:
{"Functional_Equivalence": {
"score": "Score from 1 to 7",
"reason": ""}}
===============================================================================

Figure 15: Prompt for eval Functional Equivalence.

D Detailed Evaluation Results

D.1 Automatic Evaluation with COMET

To provide a more comprehensive evaluation of
translation quality, we additionally report results
using an automatic metric. Specifically, we em-
ploy COMET (wmt22-comet-da) to evaluate the
translations presented in Table 15.

Overall, the COMET scores exhibit trends
broadly consistent with our multi-dimensional eval-
uation, with stronger models achieving higher
scores across most language pairs. However, we
also observe that COMET primarily reflects seman-
tic adequacy and may not fully capture cultural
adaptation, highlighting the complementary role of
our proposed evaluation framework.

D.2 Dimension-level Evaluation Results

To provide a more complete view of model behav-
ior under our evaluation framework, this appendix
reports the dimension-level scores for all evaluated
models across all language directions. While the
main paper focuses on overall scores for clarity
and comparability, we include detailed results here
to demonstrate the full evaluation coverage and to
support further inspection. The complete results
are presented in Tables 16–19.

D.3 Language-level Results under Constraints

This appendix presents language-level evaluation
results of different models under both semantic
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Type Prompt

Default You are a professional translation expert. Your task is to translate text from
{src_lang} to {tgt_lang}. Output only the translated text, without any explanation.

Communicative You are an award-winning literary translator. Translate the source text from
{src_lang} to {tgt_lang}, applying the strategy of communicative translation.
This strategy prioritizes naturalness, engagement, and cultural appropriateness.
Adapt phrasing, idioms, and culturally specific items to ensure fluency, while
preserving the original meaning. Rewording is acceptable for clarity, but do not
omit content. Output only the translated text.

Semantic You are an award-winning literary translator. Translate the source text from
{src_lang} to {tgt_lang}, applying the strategy of semantic translation. This
strategy prioritizes fidelity to the original meaning, structure, tone, and cultural
context. Stay close to the source wording and avoid unnecessary adaptation. Do
not add or omit content. Output only the translated text.

Table 13: Translation prompts used for different strategies.

Model en2es en2ja en2zh es2en es2zh ja2en ja2zh ru2zh zh2en zh2es zh2ja zh2ru Overall_Avg

deepseek-r1 4.94 5.26 5.29 5.31 4.92 5.08 5.18 4.99 5.33 5.08 5.30 5.18 5.15
deepseek-v3.2 5.09 5.35 5.47 5.22 5.20 5.06 5.28 5.26 5.48 5.26 5.47 4.73 5.24
gemini-2.5-flash-lite 4.96 5.19 5.32 5.03 4.81 4.96 4.99 4.94 5.43 5.07 5.33 5.06 5.09
gpt-4 4.86 5.17 5.25 5.20 4.83 4.97 5.12 4.91 5.42 5.20 5.23 5.17 5.11
gpt-4o 4.94 5.24 5.27 5.23 4.80 4.95 5.22 4.88 5.47 5.15 5.27 4.92 5.11
grok-4.1 4.97 5.33 5.55 5.18 5.10 4.88 5.17 5.12 5.57 5.23 5.14 5.37 5.22

Table 14: Translation results across models and language directions with temperature fixed to T = 0.

and communicative translation constraints across
multiple language directions. While the main paper
reports only averaged scores over language pairs
for conciseness, we provide detailed per-language
results here to offer a finer-grained view of model
performance under different translation strategies.
Results under semantic translation constraints are
summarized in Tables 20–23, while results under
communicative translation constraints are reported
in Tables 24–27.

D.4 Failure Analysis of Strong Models

To investigate why strong models still fail on cer-
tain samples, we analyze the lowest-scoring cases
and examine whether these failures are primarily
caused by sampling variance.

Specifically, for each challenging sample, we
generate two additional translations under a tem-
perature setting of T = 0.7, resulting in three
outputs per sample. We conduct this experiment
on five strong models (Grok-4.1, DeepSeek-V3.2,
DeepSeek-R1, GPT-4o, and GPT-4). For each eval-
uation dimension, we compute the proportion of
samples for which all three outputs receive scores
≤ 3, relative to the total number of low-scoring
cases.

As shown in Table 28, a substantial proportion of
low-scoring cases remain consistently poor across
multiple generations. This suggests that these fail-
ures are not merely due to unfavorable sampling,
but reflect more systematic weaknesses in model
behavior.

To further understand these failures, we conduct
a manual analysis on a subset of samples and iden-
tify several recurring error types, including: (1)
errors in translating CSIs (e.g., loss of cultural con-
notation or mistranslation of culturally bound con-
cepts), (2) translation hallucinations, (3) errors in
translating units of measurement, (4) mishandling
of polysemy, and (5) translationese.

Overall, these challenging cases reveal persistent
limitations of strong models in handling culturally
and semantically complex phenomena.

E Default Translation Preference under
Varying Temperatures

To further validate the stability of the observed de-
fault translation preference, we conduct additional
experiments under varying decoding temperatures.

Specifically, for each model, we generate de-
fault translations using multiple temperature set-
tings (e.g., T ∈ {0.2, 0.5, 0.8}), and compute the
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Model En→Es En→Ja En→Zh Es→En Es→Zh Ja→En Ja→Zh Ru→Zh Zh→En Zh→Es Zh→Ja Zh→Ru Avg

Proprietary LLMs
GPT-4 0.785 0.814 0.811 0.724 0.746 0.743 0.802 0.781 0.771 0.767 0.862 0.762 0.781
GPT-4o 0.772 0.799 0.799 0.712 0.718 0.735 0.789 0.768 0.759 0.738 0.851 0.760 0.767
Gemini-2.5-flash-lite 0.786 0.817 0.798 0.720 0.729 0.725 0.781 0.778 0.756 0.752 0.850 0.774 0.772
Grok-4.1 0.787 0.825 0.812 0.727 0.749 0.724 0.790 0.799 0.763 0.760 0.850 0.768 0.779

Open-source LLMs
LLaMA-3-8B-262k 0.716 0.669 0.704 0.668 0.612 0.652 0.640 0.683 0.716 0.684 0.679 0.677 0.675
LLaMA-3.3-70B-Inst 0.776 0.801 0.798 0.715 0.724 0.707 0.765 0.769 0.757 0.742 0.845 0.759 0.763
Mixtral-8x7B-Inst 0.674 0.528 0.480 0.684 0.429 0.628 0.467 0.420 0.719 0.635 0.468 0.568 0.558
Qwen2.5-7B-Inst 0.724 0.742 0.780 0.697 0.699 0.696 0.762 0.748 0.751 0.700 0.784 0.668 0.729
Qwen2.5-14B-Inst 0.762 0.784 0.803 0.704 0.719 0.713 0.781 0.776 0.749 0.727 0.807 0.674 0.750
Qwen2.5-32B-Inst 0.764 0.760 0.810 0.711 0.721 0.724 0.777 0.775 0.758 0.721 0.784 0.690 0.750
Qwen2.5-72B-Inst 0.780 0.808 0.803 0.723 0.728 0.720 0.790 0.785 0.761 0.751 0.838 0.768 0.771
Qwen3-4B (w/o think) 0.741 0.770 0.780 0.691 0.706 0.670 0.747 0.761 0.748 0.713 0.812 0.712 0.737
Qwen3-4B (w/ think) 0.737 0.767 0.781 0.685 0.688 0.674 0.739 0.740 0.745 0.715 0.809 0.723 0.733
Qwen3-8B (w/o think) 0.757 0.797 0.799 0.695 0.726 0.697 0.774 0.765 0.751 0.732 0.832 0.743 0.756
Qwen3-8B (w/ think) 0.756 0.770 0.800 0.699 0.708 0.690 0.766 0.756 0.752 0.731 0.834 0.745 0.751
Qwen3-14B (w/o think) 0.773 0.804 0.805 0.707 0.729 0.708 0.778 0.783 0.763 0.748 0.841 0.763 0.767
Qwen3-14B (w/ think) 0.762 0.800 0.795 0.708 0.719 0.707 0.771 0.775 0.754 0.744 0.835 0.750 0.760
Qwen3-32B (w/o think) 0.767 0.815 0.816 0.714 0.740 0.719 0.792 0.793 0.759 0.750 0.846 0.759 0.772
Qwen3-32B (w/ think) 0.768 0.802 0.801 0.711 0.727 0.715 0.775 0.777 0.755 0.746 0.839 0.754 0.764
DeepSeek-R1 0.773 0.825 0.811 0.719 0.736 0.728 0.787 0.788 0.746 0.748 0.843 0.776 0.773
DeepSeek-V3.2 0.782 0.820 0.808 0.725 0.740 0.729 0.802 0.794 0.760 0.756 0.846 0.770 0.778

Specialized MT Models
Seed-X-PPO-7B (w/ think) 0.781 0.814 0.712 0.689 0.687 0.706 0.785 0.781 0.675 0.755 0.847 0.776 0.751
Seed-X-PPO-7B (w/o think) 0.779 0.813 0.822 0.708 0.749 0.714 0.782 0.784 0.771 0.762 0.844 0.783 0.776
NLLB-200-3.3B 0.711 0.607 0.592 0.666 0.567 0.605 0.583 0.640 0.663 0.636 0.668 0.664 0.633
LLaMAX3-8B-Alpaca 0.725 0.746 0.742 0.686 0.663 0.684 0.728 0.723 0.726 0.713 0.782 0.734 0.721

Production Systems
Google Translate 0.704 0.803 0.782 0.672 0.667 0.688 0.764 0.763 0.757 0.704 0.825 0.766 0.741
Youdao Translate 0.660 0.711 0.797 0.670 0.622 0.648 0.787 0.667 0.752 0.635 0.800 0.673 0.702

Table 15: Comparison of COMET scores across different models and translation directions. Both reasoning and
non-reasoning variants are reported when available.

cosine similarity. The results are shown in Fig-
ure 18.

Across all temperature settings, default trans-
lations consistently exhibit higher similarity to
semantic-constrained translations for most mod-
els. This observation is consistent with the findings
in Section 6.1.

F CSI Categorization Details

F.1 CSI Taxonomy

We categorize culture-specific items based on New-
mark’s taxonomy (Newmark, 1988), which classi-
fies CSIs into five main types: geographic and eco-
logical items, material culture items, social culture
and customs, organizations and institutions, and
language symbols. Building on this framework,
we adapt and refine the definitions to better suit the
context of our translation evaluation. Figure 19 pro-
vides the resulting definitions and representative
examples for each category.

F.2 Automatic CSI Classification

In this work, culture-specific items are automati-
cally identified and classified using GPT-4o. Each

CSI instance is assigned to one of the five CSI
categories. To illustrate this process, Figure 20
shows the prompt used for the automatic classifica-
tion of CSIs, specifying the five categories and the
expected JSON output format.

F.3 Category-wise CSI Examples

As discussed in Section 6.2, Geographic and Eco-
logical items tend to achieve the highest translation
scores, whereas Language Symbols consistently
exhibit the lowest performance. To illustrate these
patterns qualitatively, we present representative ex-
amples of CSI translations across different cate-
gories. Examples of Geography and Ecology CSIs
are shown in Figures 21, while examples of Lan-
guage Symbols CSIs are illustrated in Figures 22.

G Cultural Knowledge Probing

G.1 Generation of Questions

To probe models’ cultural translation knowledge,
we employ GPT-4o to automatically generate
single-choice questions for each CSI. For each item,
the model is asked to select the most appropriate
translation of the CSI given its context from four
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Model Contextual Accuracy Cultural Adaptation Functional Equivalence Fidelity Naturalness

En → Es En → Ja En → Zh En → Es En → Ja En → Zh En → Es En → Ja En → Zh En → Es En → Ja En → Zh En → Es En → Ja En → Zh

Proprietary LLMs
GPT-4 4.93 5.32 5.50 5.28 5.49 5.65 4.68 5.13 5.18 4.91 5.20 5.41 4.59 4.66 4.88
GPT-4o 4.69 5.31 5.65 5.11 5.32 5.57 4.57 4.84 5.05 5.00 5.14 5.15 4.35 4.35 4.64
Gemini-2.5-Flash-Lite 5.00 5.26 5.39 5.31 5.34 5.50 4.75 4.91 4.97 5.22 5.25 4.97 4.59 4.64 4.70
Grok-4.1 5.06 5.62 5.47 5.28 5.76 5.44 4.77 5.24 5.16 5.26 5.46 5.36 4.57 4.60 4.70

Open-source LLMs
LLaMA-3-8B-Instruct-262k 4.65 3.42 4.09 5.01 3.98 4.48 4.15 3.21 3.73 4.25 3.24 3.57 3.95 2.95 3.59
LLaMA-3.3-70B-Instruct 4.89 5.36 5.08 5.30 5.17 5.30 4.61 4.53 4.93 5.11 4.92 5.05 4.44 4.18 4.63

Mixtral-8x7B-Instruct-v0.1 4.47 3.26 3.65 4.95 3.70 3.86 4.25 2.69 2.74 4.45 2.81 2.76 4.23 2.53 2.73

Qwen2.5-7B-Instruct 4.33 3.79 4.78 4.68 4.15 5.23 3.92 3.22 4.44 4.06 3.37 4.54 3.66 3.07 4.30
Qwen2.5-14B-Instruct 4.64 4.28 5.23 5.01 4.50 5.34 4.23 3.95 4.95 4.29 3.98 4.90 4.12 3.67 4.59
Qwen2.5-32B-Instruct 4.77 4.57 5.30 5.18 4.93 5.42 4.52 4.10 4.95 4.78 4.50 5.11 4.28 3.88 4.51
Qwen2.5-72B-Instruct 5.08 5.06 5.45 5.12 5.37 5.54 4.67 4.65 5.03 5.01 4.83 5.30 4.57 4.27 4.87

Qwen3-4B (w/o think) 4.08 3.99 4.78 4.63 4.21 4.96 3.75 3.47 4.43 3.89 3.70 4.43 3.70 3.43 4.26
Qwen3-4B (w/ think) 4.11 4.46 4.94 4.68 4.52 5.14 3.79 3.89 4.54 3.92 4.00 4.69 3.76 3.44 4.32
Qwen3-8B (w/o think) 4.78 4.54 5.05 5.05 4.73 5.27 4.08 4.17 4.80 4.38 4.11 4.89 4.08 3.69 4.53
Qwen3-8B (w/ think) 4.78 4.69 5.14 5.03 4.71 5.38 4.47 4.18 5.01 4.66 4.21 5.04 4.34 3.72 4.67
Qwen3-14B (w/o think) 5.02 4.90 5.14 5.15 5.05 5.38 4.46 4.56 4.95 4.60 4.62 5.20 4.23 4.12 4.68
Qwen3-14B (w/ think) 4.89 4.81 5.06 5.18 4.83 5.29 4.59 4.49 5.06 4.79 4.64 5.04 4.34 3.89 4.64
Qwen3-32B (w/o think) 4.71 4.72 5.47 5.10 4.66 5.52 4.48 4.53 4.95 4.80 4.44 4.93 4.21 4.01 4.71
Qwen3-32B (w/ think) 4.99 4.91 5.31 5.21 5.01 5.41 4.60 4.67 5.01 4.92 4.82 5.23 4.39 4.12 4.57

DeepSeek-R1 5.09 5.30 5.49 5.33 5.31 5.57 4.87 5.06 5.20 5.08 5.09 5.12 4.66 4.62 4.85
DeepSeek-V3.2 5.23 5.62 5.55 5.29 5.55 5.82 4.91 5.04 5.15 5.11 5.09 5.14 4.74 4.75 4.87

Specialized MT Models
Seed-X-PPO-7B (w/o think) 4.79 5.01 5.15 5.00 4.98 5.47 4.49 4.56 5.05 5.09 4.74 5.03 4.53 4.15 4.98
Seed-X-PPO-7B (w/ think) 4.86 5.04 5.61 5.35 5.15 5.77 4.72 4.51 5.42 4.92 4.80 5.31 4.52 4.30 5.24
NLLB-200-3.3B 4.10 3.48 3.34 4.62 4.09 3.85 3.65 2.84 2.78 4.11 2.75 2.82 3.72 2.61 2.55
LLaMAX3-8B-Alpaca 4.08 4.17 4.28 4.81 4.45 4.57 3.62 3.66 3.97 4.09 3.70 3.99 3.76 3.50 3.77

Production Systems
Google Translate 4.76 5.08 4.99 5.09 5.22 5.11 4.10 4.20 4.54 4.32 4.62 4.61 3.98 4.09 4.24
Youdao Translate 3.83 3.93 5.10 4.22 4.38 5.26 3.38 3.48 4.72 3.40 3.54 4.84 3.14 3.27 4.52

Table 16: Fine-grained evaluation of translation quality across multiple dimensions for En→Es, En→Ja, and
En→Zh directions.

candidate options. During question construction,
a reference translation is used internally to ensure
the correctness of the target option. The detailed
prompt template is presented in Figure 23.

G.2 Knowledge-Application Gap Analysis

As shown in Figure 24, although the model selected
the correct option for the CSI, it still failed to pro-
duce the correct translation in the final output.

This example shows that even with correct
knowledge of a CSI, the model may fail to pro-
duce a contextually accurate or culturally faithful
translation, highlighting the gap between knowing
and applying cultural translation knowledge.

G.3 Mitigating the Observed Gap

To further investigate whether the observed
knowledge-application gap can be mitigated, we
conduct a preliminary study using a simple two-
stage inference strategy.

Stage 1: Knowledge Identification The model
is first prompted to explicitly identify cultural-
specific items in the source sentence, along with
their cultural explanations and recommended trans-
lations.

Stage 2: Knowledge Application The extracted
CSI information is then provided back to the model
as additional context to guide the final translation.

We conduct experiments on a subset of mod-
els and evaluate their performance on CSI-related
dimensions. The results are shown in Table 29.

Across multiple models, the two-stage strategy
consistently improves both contextual accuracy and
cultural adaptation scores.

These results suggest that the knowledge-
application gap partly stems from failures in ac-
tivating and utilizing relevant knowledge during
generation, rather than the absence of knowledge.

H Impact of Reference Translations

In this appendix, we present detailed case stud-
ies to qualitatively analyze the impact of reference
translations across different evaluation dimensions.
For each dimension, we illustrate a representative
case (See Figure 25) by comparing the evalua-
tor’s reasoning and scores in reference-free and
reference-based settings. These examples demon-
strate how reference translations support the eval-
uation of cultural-specific items, facilitate the de-
tection of fine-grained semantic errors, and help
calibrate whether the translation style aligns with
target-language norms.

Contextual Accuracy. As shown in the upper-
left panel of Figure 25, the evaluator initially penal-
izes the retention of the specific Chinese unit “jin”
(Score: 2), suggesting a domesticated conversion
to “kilograms” instead. However, the provision
of a reference that also retains “jin” validates the
accuracy of the target translation, confirming that
preserving the source cultural unit is the correct
strategy in this context (Score: 6).
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Model Contextual Accuracy Cultural Adaptation Functional Equivalence Fidelity Naturalness

Es → En Es → Zh Ja → En Es → En Es → Zh Ja → En Es → En Es → Zh Ja → En Es → En Es → Zh Ja → En Es → En Es → Zh Ja → En

Proprietary LLMs
GPT-4 5.31 4.92 5.34 5.44 4.89 5.45 5.26 5.11 5.05 5.27 4.89 5.29 4.95 4.75 4.78
GPT-4o 5.16 4.72 5.27 5.36 4.93 5.26 5.01 4.67 4.76 5.16 4.71 5.13 4.66 4.27 4.74
Gemini-2.5-Flash-Lite 5.28 4.48 5.21 5.34 4.88 5.42 5.02 4.77 4.67 4.99 4.51 4.92 4.64 4.50 4.55
Grok-4.1 5.46 4.97 5.35 5.31 5.04 5.53 5.19 5.28 4.79 5.34 5.20 4.91 4.81 4.66 4.59

Open-source LLMs
LLaMA-3-8B-Instruct-262k 4.25 2.98 3.19 4.71 3.68 3.80 4.06 3.23 3.27 3.87 2.98 3.23 4.08 3.10 3.53
LLaMA-3.3-70B-Instruct 5.12 4.47 4.39 5.36 4.72 4.84 4.92 4.74 4.28 5.07 4.54 4.39 4.72 4.40 4.29

Mixtral-8x7B-Instruct-v0.1 5.01 3.01 3.30 5.18 3.69 4.03 4.61 2.68 3.38 4.83 2.55 3.18 4.40 2.59 3.64

Qwen2.5-7B-Instruct 4.67 3.86 3.78 4.93 4.37 4.11 4.66 4.07 3.84 4.54 3.98 3.59 4.25 3.91 3.78
Qwen2.5-14B-Instruct 4.90 4.28 4.24 5.17 4.62 4.61 4.91 4.68 4.15 4.88 4.60 4.25 4.61 4.32 4.35
Qwen2.5-32B-Instruct 5.02 4.49 4.73 5.31 4.81 4.87 5.05 4.86 4.42 4.99 4.65 4.46 4.57 4.41 4.52
Qwen2.5-72B-Instruct 4.93 4.58 4.84 5.22 4.80 5.07 5.09 4.91 4.47 4.95 4.70 4.49 4.84 4.60 4.49

Qwen3-4B (w/o think) 4.54 4.02 3.39 4.90 4.27 3.93 4.34 4.31 3.51 4.30 3.98 3.35 4.10 3.92 3.44
Qwen3-4B (w/ think) 4.60 4.17 3.45 4.81 4.63 3.91 4.30 4.28 3.47 4.28 4.19 3.45 4.03 3.98 3.47
Qwen3-8B (w/o think) 4.72 4.26 3.80 4.77 4.70 4.23 4.49 4.70 4.02 4.42 4.37 3.90 4.13 4.45 4.15
Qwen3-8B (w/ think) 4.63 4.27 3.97 4.86 4.66 4.46 4.59 4.75 4.18 4.72 4.64 4.12 4.28 4.25 4.13
Qwen3-14B (w/o think) 5.04 4.49 3.94 5.13 4.87 4.54 4.80 4.74 4.28 4.81 4.54 4.17 4.48 4.43 4.28
Qwen3-14B (w/ think) 4.81 4.75 4.41 5.20 4.78 4.72 4.55 5.02 4.26 4.84 4.81 4.43 4.44 4.51 4.12
Qwen3-32B (w/o think) 5.05 4.46 4.23 5.14 4.87 4.78 4.92 4.80 4.39 4.90 4.54 4.25 4.60 4.54 4.29
Qwen3-32B (w/ think) 4.99 4.63 4.37 5.31 4.87 4.79 5.04 4.88 4.23 4.98 4.60 4.44 4.69 4.55 4.35

DeepSeek-R1 5.27 4.34 5.18 5.49 4.93 5.28 5.13 4.78 4.66 5.11 4.52 5.07 4.80 4.67 4.67
DeepSeek-V3.2 5.24 4.64 5.19 5.50 4.90 5.34 5.01 5.12 4.51 5.05 4.69 4.81 4.72 4.73 4.57

Specialized MT Models
Seed-X-PPO-7B (w/o think) 4.81 4.33 3.97 5.13 4.81 4.43 5.00 4.74 4.22 4.72 4.36 4.05 4.63 4.78 4.41
Seed-X-PPO-7B (w/ think) 5.14 4.59 4.17 5.28 4.98 4.50 4.95 5.11 4.22 4.75 4.55 4.07 4.64 5.01 4.40
NLLB-200-3.3B 4.07 2.51 2.34 4.46 3.38 2.93 3.82 2.85 2.61 3.80 2.80 2.49 3.64 2.63 2.98
LLaMAX3-8B-Alpaca 4.38 3.51 3.46 4.72 3.96 4.03 4.57 3.72 3.65 4.41 3.39 3.48 4.19 3.46 3.89

Production Systems
Google Translate 4.90 3.99 4.46 5.19 4.34 4.85 4.34 4.14 4.09 4.37 4.13 4.24 3.90 3.70 4.14
Youdao Translate 4.30 3.55 3.81 4.59 3.91 4.13 3.94 3.36 3.40 4.07 3.31 3.38 3.64 3.15 3.34

Table 17: Fine-grained evaluation of translation quality across multiple dimensions for Es→En, Es→Zh, and Ja→En
directions.

Cultural Adaptation. As shown in the upper-
middle panel of Figure 25, the evaluator initially
praises the target for replacing the source CSI with
the familiar English idiom “the early bird” (Score:
7). However, the reference translation reveals that
this adaptation distorts the original cultural image
of “slow bird”. The reference enables the evaluator
to identify the loss of the specific cultural conno-
tation of humility, resulting in a penalized score
(Score: 4).

Functional Equivalence. As shown in the upper-
right panel of Figure 25, without a reference, the
evaluator assigns a high score for capturing the cus-
tom’s pragmatic function (Score: 6). With the refer-
ence, however, it becomes clear that the translation
fails to preserve the kinship-specific meaning of ni-
angjia, rendering it simply as her family. From the
perspective of functional equivalence, this weak-
ens the cultural norm conveyed in the source text,
since the original explicitly marks the natal family
as the party both performing the action and bearing
the obligation. This loss of relational specificity
reduces functional equivalence (Score: 3).

Fidelity. As shown in the lower-left panel of Fig-
ure 25, the evaluator initially assigns a high score,
assuming the translation closely preserves the lit-
eral meaning and structure of the source (Score:
6). However, the reference translation provides a
precise baseline that reveals a critical fine-grained
semantic error: the mistranslation of the Chinese
distance unit “li” as “miles”. This unit distortion,

which significantly alters the factual scale of the
narrative, is only identified through direct compari-
son with the reference, resulting in a more rigorous
evaluation (Score: 3).

Naturalness. As shown in the lower-right panel
of Figure 25, the reference translation provides a
benchmark favoring a more natural and idiomatic
English expression. This comparison reveals that
the target’s literal translation is actually forced and
unidiomatic in the given context, leading to a cor-
rected lower score (Score: 4).
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Model Contextual Accuracy Cultural Adaptation Functional Equivalence Fidelity Naturalness

Ja → Zh Ru → Zh Zh → En Ja → Zh Ru → Zh Zh → En Ja → Zh Ru → Zh Zh → En Ja → Zh Ru → Zh Zh → En Ja → Zh Ru → Zh Zh → En

Proprietary LLMs
GPT-4 5.22 4.92 5.78 5.42 5.10 5.65 5.16 4.70 5.42 5.47 4.83 5.59 4.87 4.38 5.14
GPT-4o 4.96 4.66 5.38 5.09 5.00 5.57 4.91 4.77 5.25 5.11 4.81 5.52 4.58 4.50 5.02
Gemini-2.5-Flash-Lite 4.58 4.75 5.54 4.93 4.99 5.54 4.71 4.98 5.37 4.93 4.87 5.61 4.44 4.62 4.91
Grok-4.1 5.40 5.00 5.82 5.43 5.16 5.52 5.01 5.10 5.34 5.34 5.06 5.61 4.68 4.66 4.87

Open-source LLMs
LLaMA-3-8B-Instruct-262k 3.22 3.42 4.30 3.98 3.89 4.54 3.12 3.48 4.33 3.16 3.27 4.18 2.96 3.44 4.33
LLaMA-3.3-70B-Instruct 4.32 4.51 5.26 4.77 4.75 5.23 4.31 4.64 5.08 4.48 4.54 5.30 4.27 4.61 4.86

Mixtral-8x7B-Instruct-v0.1 3.12 3.07 4.63 3.53 3.59 4.77 3.07 2.75 4.75 2.96 2.74 4.70 3.08 2.66 4.53

Qwen2.5-7B-Instruct 4.25 4.30 5.19 4.55 4.69 5.19 4.29 4.29 4.94 4.26 4.19 4.97 4.04 4.06 4.58
Qwen2.5-14B-Instruct 4.42 4.58 5.47 4.67 4.86 5.45 4.79 4.42 5.23 4.80 4.54 5.26 4.60 4.54 4.90
Qwen2.5-32B-Instruct 4.63 4.66 5.31 5.08 4.94 5.43 4.92 4.70 5.14 4.94 4.61 5.31 4.53 4.56 4.92
Qwen2.5-72B-Instruct 4.95 4.73 5.49 5.07 5.04 5.58 4.92 4.90 5.34 5.03 4.95 5.34 4.66 4.65 5.10

Qwen3-4B (w/o think) 4.18 4.04 4.87 4.78 4.49 4.95 4.22 4.30 4.81 4.04 4.06 4.88 3.97 4.30 4.62
Qwen3-4B (w/ think) 4.35 4.33 5.02 4.83 4.42 5.21 4.29 4.42 5.02 4.24 4.41 4.99 4.04 4.17 4.72
Qwen3-8B (w/o think) 4.42 4.48 5.10 5.09 4.82 5.22 4.58 4.68 5.13 4.75 4.51 5.10 4.42 4.58 4.58
Qwen3-8B (w/ think) 4.78 4.49 5.22 5.16 4.91 5.25 4.55 4.60 5.20 4.68 4.64 5.34 4.36 4.41 4.86
Qwen3-14B (w/o think) 4.74 4.84 5.51 4.92 4.99 5.41 4.67 4.89 5.34 4.73 4.78 5.31 4.58 4.63 4.96
Qwen3-14B (w/ think) 4.78 4.74 5.50 5.14 5.07 5.45 4.75 4.85 5.26 4.95 5.02 5.40 4.52 4.62 4.91
Qwen3-32B (w/o think) 4.62 4.68 5.30 5.01 5.16 5.32 4.88 4.89 5.24 4.72 4.74 5.23 4.61 4.66 4.88
Qwen3-32B (w/ think) 4.73 4.93 5.53 4.92 5.11 5.45 4.78 4.88 5.31 4.98 5.02 5.58 4.51 4.63 4.89

DeepSeek-R1 4.78 4.54 5.45 5.13 4.82 5.52 4.99 4.87 5.23 4.77 4.57 5.30 4.54 4.73 4.90
DeepSeek-V3.2 5.08 4.86 5.49 5.21 4.99 5.50 5.11 4.93 5.45 5.08 4.76 5.42 4.85 4.75 5.20

Specialized MT Models
Seed-X-PPO-7B (w/o think) 3.86 4.44 5.59 4.54 4.90 5.49 4.42 4.72 5.25 4.03 4.44 5.42 4.56 4.93 5.09
Seed-X-PPO-7B (w/ think) 4.17 4.53 5.79 4.57 4.82 5.66 4.29 4.82 5.34 4.08 4.46 5.39 4.75 4.91 5.09
NLLB-200-3.3B 2.33 3.06 3.06 3.04 3.55 3.57 2.32 3.32 3.12 2.38 3.31 3.04 2.40 2.98 3.19
LLaMAX3-8B-Alpaca 3.75 3.62 4.38 4.42 4.06 4.67 3.92 3.90 4.48 3.84 3.66 4.39 3.77 3.82 4.38

Production Systems
Google Translate 3.86 4.32 5.23 4.46 4.58 5.06 4.09 4.70 4.94 3.78 4.71 5.19 3.90 4.38 4.55
Youdao Translate 4.83 3.06 5.30 4.95 3.65 5.31 4.61 3.36 4.98 4.69 3.23 5.34 4.28 3.12 4.77

Table 18: Fine-grained evaluation of translation quality across multiple dimensions for Ja→Zh, Ru→Zh, and
Zh→En directions.

===============================================================================
You are an expert evaluator. Please assess the translation below based on the following
instructions.

PART 1: INPUT DATA
Source Language: {src_lang}
Target Language: {tgt_lang}
Source Sentence: {src_text}
Translation: {tgt_text}
Reference Translation: {ref_text}

PART 2: SCORING CRITERIA
Fidelity (Definition)
Assess whether the translation maximally retains the literal meaning, core informational content,
and source language structure of the original text, specifically avoiding semantic loss caused by
paraphrasing or rewriting.
This dimension focuses strictly on the accuracy of informational transfer (what is said), NOT style,
tone, or communicative effect (how it is said).
During the evaluation of fidelity, assume the identity of the translator, and assess whether there
are errors, omissions, additions of unstated information, or factual distortions in the target text.
The translation must stay faithful to the precise expression and literal meaning of the source
language text.
Scoring Rubric (1-7)
{Scoring Rubrics for Evaluation}
Critical Rules
Language Penalty:If the translation contains non-{tgt_lang} words (language mixing), score it 1 or
2.
Untranslated Content Limit:If there are words that are NOT translated into {tgt_lang}, the score
MUST NOT exceed 4.
Output Language:The "reason" must be in English.

PART 3: OUTPUT REQUIREMENT
Please output the result in strictly valid JSON format exactly as shown below:
{
"Fidelity": {
"score": "Score from 1 to 7",
"reason": "Your explanation here"}}
===============================================================================

Figure 16: Prompt for eval Fidelity.

===============================================================================
PART 1: INPUT DATA
Source Language: {src_lang}
Target Language: {tgt_lang}
Source Sentence: {src_text}
Translation: {tgt_text}
Reference Translation: {ref_text}
PART 2: SCORING CRITERIA
Naturalness (Definition)
Examine the fluency and native feel of the translation in {tgt_lang}, assessing whether the
sentence reads like a mother-tongue expression rather than a rigid transplant.
During the evaluation, assume the identity of a {tgt_lang} reader, and assess whether the
translation is readable, natural, and fluent.
Scoring Rubric (1-7)
{Scoring Rubrics for Evaluation}
Critical Rules
Language Penalty: If the translation contains non-{tgt_lang} words (language mixing), score it 1 or
2.
Untranslated Content Limit: If there are words that are NOT translated into {tgt_lang}, the score
MUST NOT exceed 4.
Output Language: The "reason" must be in English.
PART 3: OUTPUT REQUIREMENT
Please output the result in strictly valid JSON format exactly as shown below:
{"Naturalness": {
"score": "Score from 1 to 7",
"reason": ""}}
===============================================================================

Figure 17: Prompt for eval Naturalness.
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Model Contextual Accuracy Cultural Adaptation Functional Equivalence Fidelity Naturalness

Zh → Es Zh → Ja Zh → Ru Zh → Es Zh → Ja Zh → Ru Zh → Es Zh → Ja Zh → Ru Zh → Es Zh → Ja Zh → Ru Zh → Es Zh → Ja Zh → Ru

Proprietary LLMs
GPT-4 5.29 5.31 4.99 5.39 5.35 4.90 5.15 5.36 5.16 5.29 5.59 5.01 4.90 5.09 4.36
GPT-4o 4.84 5.11 4.61 4.98 5.06 4.80 4.93 5.10 4.88 5.11 5.42 4.87 4.73 4.88 4.58
Gemini-2.5-Flash-Lite 5.26 5.02 4.72 5.29 5.03 5.04 5.11 5.23 5.11 5.27 5.26 5.16 4.86 4.79 4.84
Grok-4.1 5.42 5.33 5.27 5.36 5.15 5.31 5.27 5.18 5.49 5.40 5.50 5.49 4.80 4.69 4.93

Open-source LLMs
LLaMA-3-8B-Instruct-262k 3.46 3.28 3.04 4.03 3.91 3.63 3.90 3.31 3.41 3.71 3.39 3.32 3.94 2.99 3.18
LLaMA-3.3-70B-Instruct 4.75 4.90 4.68 4.89 4.97 4.99 4.79 4.91 4.87 4.93 4.90 4.84 4.63 4.35 4.60

Mixtral-8x7B-Instruct-v0.1 4.02 3.28 3.71 4.43 3.67 4.05 4.34 3.02 3.76 4.10 2.96 3.72 4.08 2.66 3.41

Qwen2.5-7B-Instruct 3.85 3.59 3.15 4.17 3.99 3.77 4.01 3.67 3.35 3.79 3.53 3.14 3.83 3.45 3.09
Qwen2.5-14B-Instruct 4.51 4.42 3.41 4.64 4.51 4.02 4.64 4.11 3.80 4.49 4.21 3.61 4.38 3.68 3.44
Qwen2.5-32B-Instruct 4.85 4.32 4.13 4.99 4.69 4.40 4.68 4.42 3.97 4.86 4.42 4.03 4.32 3.89 3.73
Qwen2.5-72B-Instruct 5.02 4.70 4.60 5.08 4.79 4.79 5.05 4.91 4.74 5.15 4.92 4.94 4.82 4.39 4.44

Qwen3-4B (w/o think) 3.63 3.82 3.27 3.93 4.17 3.65 4.01 3.87 3.59 3.76 4.03 3.40 3.77 3.54 3.38
Qwen3-4B (w/ think) 3.99 4.01 3.49 4.36 4.34 3.97 4.36 4.20 4.15 4.36 4.39 4.07 4.06 3.68 3.64
Qwen3-8B (w/o think) 4.29 4.29 3.72 4.62 4.56 3.95 4.47 4.47 4.39 4.32 4.67 4.18 4.21 4.12 4.01
Qwen3-8B (w/ think) 4.66 4.62 4.06 4.90 4.61 4.48 4.89 4.86 4.53 5.05 4.88 4.45 4.47 4.11 4.21
Qwen3-14B (w/o think) 4.67 4.65 4.04 4.77 4.77 4.43 4.89 4.82 4.47 4.90 5.01 4.20 4.66 4.39 4.18
Qwen3-14B (w/ think) 5.02 4.80 4.56 5.09 4.85 4.82 4.92 5.17 4.91 5.14 5.34 4.84 4.64 4.45 4.57
Qwen3-32B (w/o think) 4.65 4.83 4.06 4.89 4.92 4.51 4.64 5.01 4.60 4.77 5.10 4.26 4.61 4.46 4.24
Qwen3-32B (w/ think) 5.28 5.00 4.68 5.19 5.06 5.00 4.85 5.15 4.95 5.10 5.23 5.01 4.73 4.59 4.35

DeepSeek-R1 5.08 5.09 5.25 5.14 5.27 5.42 5.11 5.16 5.28 5.09 5.20 5.28 4.84 4.63 4.86
DeepSeek-V3.2 5.03 5.15 4.92 5.16 5.20 5.18 5.21 5.28 5.15 5.24 5.33 5.05 4.88 4.82 4.69

Specialized MT Models
Seed-X-PPO-7B (w/o think) 4.88 4.35 4.91 5.12 4.57 5.06 5.10 4.55 5.16 5.10 4.53 4.86 5.13 4.24 4.82
Seed-X-PPO-7B (w/ think) 4.85 4.18 4.89 5.01 4.50 5.11 5.17 4.55 5.04 5.19 4.65 4.93 5.05 4.45 4.77
NLLB-200-3.3B 2.62 2.33 2.52 3.24 3.22 3.17 3.00 2.73 2.92 2.75 2.67 2.69 3.04 2.61 3.02
LLaMAX3-8B-Alpaca 3.49 3.60 3.31 4.03 4.01 3.71 4.09 3.87 4.08 3.73 3.83 3.67 4.12 3.55 3.68

Production Systems
Google Translate 4.71 4.31 4.46 5.05 4.55 4.95 4.38 4.37 4.86 4.63 4.28 4.93 4.28 4.12 4.41
Youdao Translate 3.15 4.26 3.28 3.67 4.64 3.87 3.39 4.36 3.72 3.21 4.45 3.39 3.33 4.06 3.46

Table 19: Fine-grained evaluation of translation quality across multiple dimensions for Zh→Es, Zh→Ja, and
Zh→Ru directions.

Model Contextual Accuracy Cultural Adaptation Functional Equivalence Fidelity Naturalness

En→Es En→Ja En→Zh En→Es En→Ja En→Zh En→Es En→Ja En→Zh En→Es En→Ja En→Zh En→Es En→Ja En→Zh

Llama-3-8B-Instruct-262k 4.73 2.76 4.07 4.97 3.66 4.53 3.81 2.24 3.80 4.13 2.54 3.77 3.86 2.11 3.63
Llama-3.3-70B-Instruct 5.08 5.26 5.20 5.28 5.29 5.20 4.79 4.51 4.96 4.90 4.83 5.22 4.42 4.17 4.52
Mixtral-8x7B-Instruct-v0.1 4.67 3.14 3.48 4.91 3.67 3.90 3.98 2.54 2.55 4.10 2.76 2.72 3.85 2.46 2.63
Qwen2.5-14B-Instruct 4.68 4.38 5.14 4.87 4.63 5.46 4.29 3.93 4.89 4.49 4.08 4.97 4.02 3.56 4.55
Qwen2.5-32B-Instruct 4.84 4.59 5.45 4.81 4.99 5.37 4.61 4.03 5.10 4.77 4.12 5.08 4.14 3.72 4.65
Qwen2.5-72B-Instruct 4.93 5.11 5.52 5.19 5.12 5.67 4.63 4.76 5.07 4.97 4.94 5.22 4.46 4.29 4.65
Qwen2.5-7B-Instruct 4.63 4.06 4.77 4.88 4.21 5.06 3.85 3.38 4.41 4.16 3.44 4.55 3.88 3.09 4.23
Qwen3-8B (w/o think) 4.45 4.57 5.03 5.06 4.62 5.32 3.96 4.14 4.76 4.25 4.26 4.71 3.96 3.67 4.40
Qwen3-8B (w/ think) 4.48 4.34 5.17 4.92 4.67 5.37 4.25 3.91 4.85 4.45 4.17 5.01 4.08 3.58 4.54
DeepSeek-V3.2 4.92 5.55 5.52 5.33 5.74 5.55 4.69 5.22 5.31 5.19 5.47 5.28 4.62 4.63 4.81
Gemini-2.5-Flash-Lite 4.94 5.30 5.40 5.16 5.43 5.40 4.53 4.92 5.00 4.79 4.98 5.07 4.37 4.50 4.54
GPT-4o 4.92 5.30 5.39 5.31 5.37 5.40 4.67 4.89 5.05 5.10 5.34 5.10 4.66 4.39 4.65

Table 20: Fine-grained evaluation of semantic translation quality across multiple dimensions for En→Es, En→Ja,
and En→Zh directions.

Model Contextual Accuracy Cultural Adaptation Functional Equivalence Fidelity Naturalness

Es→En Es→Zh Ja→En Es→En Es→Zh Ja→En Es→En Es→Zh Ja→En Es→En Es→Zh Ja→En Es→En Es→Zh Ja→En

Llama-3-8B-Instruct-262k 4.33 3.19 3.37 4.86 3.69 4.06 4.06 3.24 3.27 3.97 3.17 3.25 4.03 3.13 3.52
Llama-3.3-70B-Instruct 5.21 4.42 4.59 5.15 4.63 4.75 4.76 4.81 3.89 4.96 4.64 4.01 4.34 4.44 4.07
Mixtral-8x7B-Instruct-v0.1 4.99 3.13 3.46 5.13 3.67 4.12 4.73 2.52 3.37 4.74 2.51 3.33 4.29 2.48 3.39
Qwen2.5-14B-Instruct 4.96 4.30 4.36 5.27 4.75 4.68 4.72 4.84 4.30 4.96 4.73 4.35 4.40 4.29 4.22
Qwen2.5-32B-Instruct 5.09 4.55 4.59 5.27 4.72 4.87 4.88 4.87 4.06 4.92 4.75 4.35 4.36 4.42 4.29
Qwen2.5-72B-Instruct 5.10 4.70 4.91 5.25 4.98 4.97 4.93 4.90 4.48 5.16 4.99 4.66 4.57 4.58 4.52
Qwen2.5-7B-Instruct 4.69 4.04 3.63 5.00 4.43 4.11 4.56 4.23 3.80 4.41 4.07 3.68 4.07 3.81 3.78
Qwen3-8B (w/o think) 4.79 4.44 3.82 5.11 4.60 4.10 4.37 4.75 3.86 4.48 4.48 3.76 3.94 4.34 3.91
Qwen3-8B (w/ think) 4.47 4.30 4.15 4.82 4.52 4.43 4.17 4.58 3.84 4.51 4.57 3.99 3.91 4.10 3.78
DeepSeek-V3.2 5.46 4.98 5.24 5.44 5.19 5.28 4.95 5.17 4.55 5.02 4.95 4.84 4.24 4.52 4.51
Gemini-2.5-Flash-Lite 5.31 4.58 4.91 5.41 4.93 5.16 4.81 4.78 4.33 5.14 4.80 4.72 4.26 4.31 4.25
GPT-4o 5.49 4.80 5.09 5.46 4.99 5.28 5.04 5.01 4.66 5.26 4.80 5.03 4.59 4.37 4.49

Table 21: Fine-grained evaluation of semantic translation quality across multiple dimensions for Es→En, Es→Zh,
and Ja→En directions.

Model Contextual Accuracy Cultural Adaptation Functional Equivalence Fidelity Naturalness

Ja→Zh Ru→Zh Zh→En Ja→Zh Ru→Zh Zh→En Ja→Zh Ru→Zh Zh→En Ja→Zh Ru→Zh Zh→En Ja→Zh Ru→Zh Zh→En

Llama-3-8B-Instruct-262k 3.35 3.58 4.34 3.92 3.98 4.59 2.98 3.61 4.38 3.08 3.41 4.27 3.12 3.40 4.37
Llama-3.3-70B-Instruct 4.28 4.56 5.26 4.75 4.76 5.27 4.32 4.73 5.09 4.47 4.75 5.26 4.11 4.45 4.58
Mixtral-8x7B-Instruct-v0.1 3.19 2.87 4.58 3.77 3.60 4.60 2.89 2.62 4.65 2.92 2.57 4.74 2.89 2.60 4.18
Qwen2.5-14B-Instruct 4.49 4.50 5.44 4.84 4.91 5.46 4.61 4.62 5.31 4.75 4.50 5.39 4.32 4.30 4.72
Qwen2.5-32B-Instruct 4.51 4.66 5.38 4.86 5.02 5.34 4.63 4.83 4.98 4.77 4.74 5.30 4.35 4.46 4.58
Qwen2.5-72B-Instruct 4.97 4.71 5.61 5.03 4.95 5.64 4.71 4.94 5.32 5.00 4.92 5.62 4.42 4.71 4.95
Qwen2.5-7B-Instruct 4.38 4.39 5.00 4.78 4.48 5.25 4.34 4.29 4.96 4.42 4.30 4.94 4.29 4.16 4.57
Qwen3-8B (w/o think) 4.16 4.56 5.12 4.66 4.93 5.30 4.03 4.76 5.02 4.18 4.43 5.11 3.98 4.53 4.70
Qwen3-8B (w/ think) 4.46 4.49 5.09 4.82 4.77 5.12 4.31 4.62 5.10 4.61 4.71 5.35 4.09 4.14 4.56
DeepSeek-V3.2 4.95 4.91 5.54 5.20 5.03 5.42 4.92 5.02 5.32 5.00 4.72 5.54 4.47 4.58 4.76
Gemini-2.5-Flash-Lite 4.58 4.92 5.58 4.96 5.10 5.37 4.51 4.90 4.97 4.80 4.98 5.46 4.25 4.46 4.58
GPT-4o 5.06 4.77 5.66 5.27 5.10 5.31 4.97 4.62 5.18 5.23 4.83 5.54 4.49 4.22 4.71

Table 22: Fine-grained evaluation of semantic translation quality across multiple dimensions for Ja→Zh, Ru→Zh,
and Zh→En directions.
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Model Contextual Accuracy Cultural Adaptation Functional Equivalence Fidelity Naturalness

Zh→Es Zh→Ja Zh→Ru Zh→Es Zh→Ja Zh→Ru Zh→Es Zh→Ja Zh→Ru Zh→Es Zh→Ja Zh→Ru Zh→Es Zh→Ja Zh→Ru

Llama-3-8B-Instruct-262k 3.35 3.29 2.99 3.92 3.85 3.74 3.91 3.34 3.67 3.56 3.20 3.34 3.72 2.98 3.36
Llama-3.3-70B-Instruct 4.91 4.58 4.72 4.91 4.57 4.85 4.83 4.72 4.82 5.05 4.80 4.86 4.49 4.19 4.38
Mixtral-8x7B-Instruct-v0.1 3.95 3.13 3.46 4.26 3.43 3.89 3.92 2.71 3.52 3.97 2.72 3.49 3.86 2.44 3.25
Qwen2.5-14B-Instruct 4.34 4.41 3.67 4.59 4.45 4.29 4.55 4.42 3.84 4.48 4.34 3.93 4.26 3.75 3.36
Qwen2.5-32B-Instruct 4.69 4.48 4.03 4.83 4.66 4.39 4.66 4.47 4.12 4.83 4.47 4.09 4.27 3.90 3.76
Qwen2.5-72B-Instruct 5.03 4.73 4.60 4.92 4.79 4.79 5.02 4.85 4.83 5.19 4.92 4.93 4.79 4.37 4.52
Qwen2.5-7B-Instruct 3.83 3.78 3.31 4.21 4.12 4.00 3.94 3.96 3.60 3.93 3.92 3.29 3.75 3.57 3.08
Qwen3-8B (w/o think) 4.23 4.17 3.71 4.51 4.52 3.96 4.55 4.36 4.18 4.30 4.37 3.88 4.07 3.83 3.88
Qwen3-8B (w/ think) 4.68 4.32 4.20 4.92 4.53 4.42 4.68 4.82 4.68 4.83 5.08 4.73 4.29 4.15 4.09
DeepSeek-V3.2 5.21 5.26 4.89 5.27 5.19 5.21 4.93 5.33 5.01 5.13 5.58 4.93 4.76 4.73 4.35
Gemini-2.5-Flash-Lite 5.03 5.41 5.21 5.00 5.18 5.27 4.86 5.18 5.17 5.23 5.52 5.29 4.42 4.68 4.57
GPT-4o 5.18 5.18 5.14 5.16 4.96 5.25 4.97 5.10 5.22 5.18 5.34 5.43 4.61 4.57 4.51

Table 23: Fine-grained evaluation of semantic translation quality across multiple dimensions for Zh→Es, Zh→Ja,
and Zh→Ru directions.

Model Contextual Accuracy Cultural Adaptation Functional Equivalence Fidelity Naturalness

En→Es En→Ja En→Zh En→Es En→Ja En→Zh En→Es En→Ja En→Zh En→Es En→Ja En→Zh En→Es En→Ja En→Zh

Llama-3-8B-Instruct-262k 4.59 3.17 4.23 5.03 3.81 4.50 3.84 2.76 3.83 4.16 2.78 3.78 3.97 2.74 3.64
Llama-3.3-70B-Instruct 4.92 5.17 4.99 5.16 5.39 5.20 4.82 4.76 4.92 4.80 4.79 4.93 4.63 4.30 4.83
Mixtral-8x7B-Instruct-v0.1 4.69 3.24 3.69 5.14 3.74 3.94 4.41 2.44 2.58 4.25 2.58 2.65 4.17 2.53 2.57
Qwen2.5-14B-Instruct 4.45 4.72 5.30 4.76 4.78 5.45 4.45 4.32 5.05 4.29 4.25 4.90 4.21 4.00 4.91
Qwen2.5-32B-Instruct 4.50 4.65 5.35 4.95 4.95 5.32 4.51 4.37 5.06 4.42 4.30 5.02 4.28 4.13 4.75
Qwen2.5-72B-Instruct 4.92 5.06 5.59 5.18 5.20 5.64 4.75 4.69 4.98 4.86 4.72 5.19 4.71 4.46 5.03
Qwen2.5-7B-Instruct 4.29 4.00 4.78 4.81 4.31 5.14 3.92 3.29 4.49 4.09 3.35 4.52 3.82 3.14 4.30
Qwen3-8B (w/o think) 4.73 4.53 5.16 5.02 4.73 5.32 4.26 4.27 4.85 4.43 4.44 4.83 4.16 3.95 4.49
Qwen3-8B (w/ think) 4.75 4.79 5.33 5.08 4.92 5.53 4.50 4.55 4.93 4.59 4.23 4.97 4.28 3.85 4.77
DeepSeek-V3.2 4.99 5.04 5.32 5.34 5.31 5.54 4.92 4.95 5.10 4.71 4.95 4.90 4.69 4.60 4.95
Gemini-2.5-Flash-Lite 4.77 5.43 5.28 5.24 5.54 5.27 4.81 5.07 5.02 4.83 5.00 4.93 4.58 4.84 4.69
GPT-4o 5.09 5.27 5.63 5.15 5.44 5.55 4.59 5.05 5.23 4.71 4.93 5.19 4.66 4.81 5.02

Table 24: Fine-grained evaluation of communicative translation quality across multiple dimensions for En→Es,
En→Ja, and En→Zh directions.

Model Contextual Accuracy Cultural Adaptation Functional Equivalence Fidelity Naturalness

Es→En Es→Zh Ja→En Es→En Es→Zh Ja→En Es→En Es→Zh Ja→En Es→En Es→Zh Ja→En Es→En Es→Zh Ja→En

Llama-3-8B-Instruct-262k 4.38 3.22 3.19 4.78 3.73 3.72 4.16 3.28 3.39 3.91 3.08 3.33 4.10 3.22 3.68
Llama-3.3-70B-Instruct 4.82 4.36 4.44 5.20 4.67 4.88 5.09 4.72 4.43 4.51 4.44 4.40 4.99 4.44 4.70
Mixtral-8x7B-Instruct-v0.1 4.74 3.23 3.35 5.16 3.66 4.02 4.81 2.74 3.57 4.43 2.66 3.17 4.73 2.67 3.97
Qwen2.5-14B-Instruct 4.96 4.30 4.40 5.19 4.78 4.68 5.04 4.73 4.36 4.70 4.45 4.34 4.66 4.55 4.54
Qwen2.5-32B-Instruct 4.89 4.39 4.67 5.20 4.63 4.99 5.00 4.76 4.64 4.60 4.40 4.53 4.92 4.63 4.78
Qwen2.5-72B-Instruct 5.04 4.57 4.80 5.31 5.00 5.00 5.07 5.07 4.72 4.81 4.62 4.80 5.00 4.69 4.86
Qwen2.5-7B-Instruct 4.77 3.99 3.61 5.05 4.33 4.26 4.60 4.23 3.91 4.27 3.98 3.53 4.46 4.05 3.92
Qwen3-8B (w/o think) 4.63 4.25 3.82 5.00 4.67 4.27 4.49 4.69 4.04 4.47 4.35 3.89 4.38 4.33 4.18
Qwen3-8B (w/ think) 4.88 4.47 4.33 5.01 4.55 4.61 4.65 4.70 4.38 4.67 4.48 4.44 4.47 4.43 4.36
DeepSeek-V3.2 5.24 4.69 4.95 5.29 5.06 5.21 5.08 5.10 4.75 4.62 4.48 4.68 5.05 4.67 4.82
Gemini-2.5-Flash-Lite 4.96 4.40 5.08 5.25 4.79 5.28 5.04 4.93 4.76 4.96 4.63 4.89 5.05 4.75 4.78
GPT-4o 4.91 4.65 4.97 5.17 4.95 5.17 5.15 4.89 4.89 4.66 4.58 5.01 4.98 4.71 5.00

Table 25: Fine-grained evaluation of communicative translation quality across multiple dimensions for Es→En,
Es→Zh, and Ja→En directions.

Model Contextual Accuracy Cultural Adaptation Functional Equivalence Fidelity Naturalness

Ja→Zh Ru→Zh Zh→En Ja→Zh Ru→Zh Zh→En Ja→Zh Ru→Zh Zh→En Ja→Zh Ru→Zh Zh→En Ja→Zh Ru→Zh Zh→En

Llama-3-8B-Instruct-262k 3.25 3.26 4.46 3.74 3.91 4.58 3.11 3.55 4.50 3.30 3.25 4.18 3.32 3.64 4.43
Llama-3.3-70B-Instruct 4.40 4.22 5.10 4.73 4.64 5.25 4.50 4.66 5.30 4.40 4.34 4.93 4.52 4.58 5.08
Mixtral-8x7B-Instruct-v0.1 3.11 3.33 4.78 3.54 3.83 4.98 2.93 2.72 4.82 2.78 2.74 4.74 3.00 2.78 4.68
Qwen2.5-14B-Instruct 4.16 4.39 5.30 4.72 4.83 5.41 4.73 4.74 5.38 4.76 4.43 5.08 4.71 4.70 5.04
Qwen2.5-32B-Instruct 4.62 4.51 5.06 5.00 4.78 5.38 4.91 4.76 5.19 4.79 4.47 4.98 4.74 4.79 4.99
Qwen2.5-72B-Instruct 5.08 4.76 5.33 5.19 5.00 5.54 4.95 4.98 5.34 5.01 5.03 5.18 4.86 4.95 5.07
Qwen2.5-7B-Instruct 4.36 4.19 5.15 4.70 4.69 5.16 4.40 4.40 4.92 4.24 4.09 4.97 4.29 4.25 4.74
Qwen3-8B (w/o think) 4.40 4.36 4.98 4.89 4.77 5.08 4.36 4.74 5.08 4.50 4.47 5.01 4.33 4.61 4.79
Qwen3-8B (w/ think) 4.52 4.44 5.30 4.90 4.77 5.36 4.67 4.66 5.24 4.85 4.60 5.21 4.59 4.41 4.90
DeepSeek-V3.2 5.07 4.64 5.29 5.20 5.06 5.38 5.01 4.99 5.26 4.72 4.60 5.06 4.71 4.69 5.04
Gemini-2.5-Flash-Lite 4.92 4.66 5.63 5.02 5.15 5.54 5.02 4.84 5.32 4.99 4.73 5.35 4.75 4.70 5.16
GPT-4o 4.89 4.49 5.48 5.05 4.97 5.47 4.96 4.77 5.41 4.97 4.52 5.20 5.02 4.79 5.32

Table 26: Fine-grained evaluation of communicative translation quality across multiple dimensions for Ja→Zh,
Ru→Zh, and Zh→En directions.

Model Contextual Accuracy Cultural Adaptation Functional Equivalence Fidelity Naturalness

Zh→Es Zh→Ja Zh→Ru Zh→Es Zh→Ja Zh→Ru Zh→Es Zh→Ja Zh→Ru Zh→Es Zh→Ja Zh→Ru Zh→Es Zh→Ja Zh→Ru

Llama-3-8B-Instruct-262k 3.23 3.34 2.85 3.83 3.88 3.63 3.80 3.47 3.47 3.59 3.36 3.23 3.90 3.22 3.44
Llama-3.3-70B-Instruct 4.73 4.72 4.34 4.99 4.88 4.85 4.86 4.80 4.74 4.81 4.81 4.66 4.88 4.37 4.71
Mixtral-8x7B-Instruct-v0.1 4.29 3.23 3.84 4.63 3.71 4.20 4.40 2.80 3.46 4.02 2.82 3.23 4.26 2.61 3.26
Qwen2.5-14B-Instruct 4.33 4.47 3.58 4.71 4.72 4.27 4.83 4.61 4.12 4.60 4.57 3.84 4.52 4.20 3.88
Qwen2.5-32B-Instruct 4.47 4.28 4.12 4.79 4.66 4.46 4.75 4.62 4.39 4.53 4.47 4.11 4.56 4.33 4.02
Qwen2.5-72B-Instruct 4.82 4.57 4.35 5.11 4.82 4.65 5.01 4.88 4.97 5.01 4.71 4.79 4.99 4.63 4.69
Qwen2.5-7B-Instruct 3.91 3.80 3.20 4.32 4.20 3.75 4.13 3.93 3.42 3.97 3.88 3.39 4.01 3.60 3.17
Qwen3-8B (w/o think) 4.16 4.26 3.65 4.57 4.49 4.01 4.38 4.55 4.45 4.29 4.37 4.15 4.24 4.01 4.02
Qwen3-8B (w/ think) 4.68 4.56 3.98 4.82 4.64 4.35 4.77 4.82 4.60 4.83 5.05 4.38 4.49 4.31 4.05
DeepSeek-V3.2 4.79 5.06 4.37 5.12 5.22 4.68 5.01 5.32 3.93 4.78 5.07 4.02 4.65 4.93 3.69
Gemini-2.5-Flash-Lite 5.01 5.12 4.81 5.18 5.40 5.23 5.08 5.43 5.25 5.09 5.44 5.11 4.89 4.99 4.73
GPT-4o 4.84 4.90 5.06 4.96 5.26 5.16 5.18 5.47 5.25 5.01 5.38 5.11 4.99 5.03 4.92

Table 27: Fine-grained evaluation of communicative translation quality across multiple dimensions for Zh→Es,
Zh→Ja, and Zh→Ru directions.
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Figure 18: Similarity of default translations to semantic and communicative constrained translations under varying
temperatures.

CSI Category Definition Examples

Geographic and Ecological Items Elements representing natural or geographical
phenomena specific to a culture. Everest, Yellowstone

Material Culture Items Tangible objects and artifacts unique to a
culture’s lifestyle and craftsmanship. Baseball, Cowboy Hat

Social Culture and Customs Practices, rituals distinctive to a culture. Thanksgiving, Halloween

Organizations and Institutions Structured entities or systems that organize
societal, political, or educational life. NASA, Harvard University

Language Symbols Linguistic expressions or symbolic language
tied to a specific culture. No pain, no gain

Figure 19: Definitions and representative examples of CSI categories.
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Model Ctx. Acc. Cul. Adapt. Fidelity Func. Eq. Naturalness

DeepSeek-R1 42.93% 24.05% 36.96% 26.29% 32.93%
DeepSeek-V3.2 42.60% 27.16% 28.26% 25.85% 23.45%
GPT-4 51.03% 35.07% 40.57% 30.26% 36.13%
GPT-4o 48.91% 35.15% 38.57% 28.89% 29.44%
Grok-4.1 42.40% 19.20% 35.39% 35.81% 35.71%

Table 28: Proportion of challenging samples whose
multiple generations consistently receive low scores.

===============================================================================
Target Word: {word}
Task: Analyze the cultural semantics of the target word and classify it.
Please classify the target word into EXACTLY ONE of the following 5 major categories based on
its cultural semantic meaning.
You must provide both the Category ID and the exact Category Name.

ID 1: Geographic and ecological items
- Covers: Ecological concepts, geography, landforms, climatic phenomena.

ID 2: Material culture items
- Covers: Food & drink, clothing, architecture, crafts, weights & measures.

ID 3: Social culture and customs
- Covers: Festivals, etiquette, taboos, customs, kinship, religion, mythology.

ID 4: Organizations and institutions
- Covers: Political concepts, government institutions, legal systems, social welfare,

education.
ID 5: Language symbols

- Covers: Proverbs, slang, poetry, allusions, idioms, wordplay, pop culture.
Output Requirement:

- Return ONLY a JSON object.
- "category_id": Must be an integer from 1 to 5.
- "category_name": Must be the EXACT string name corresponding to the ID.
- Format strictly as:

{
"category_id" : ,
"category_name" : "",
"reason": "Brief reason for this classification"
}

===============================================================================

Figure 20: Prompt used for automatic classification of
Culture-Specific Items.

===============================================================================
Source:
一过长江，我想逃跑的心也死了，离家越远我也就越没有胆量逃跑。

Translation:
As soon as I crossed the Yangtze River, my heart died and I lost the courage to run away from
home.
CSI: 长江 →Yangtze River
Commentary:
The geographic CSI admits a stable and conventionalized English equivalent.The model output
adopt standard renderings, resulting in high contextual accuracy and cultural adaptation.
===============================================================================

Figure 21: Translation of Geography and Ecology CSI.

===============================================================================
Source:
我从小就不可救药，这是我爹的话。

Translation:
I was raised without medicine, my mother said.
CSIs: 不可救药

Commentary:
The CSI “不可救药” conveys an idiomatic judgment meaning “hopeless beyond remedy,” but the
translation renders it literally and alters both the meaning and the speaker, resulting in semantic
distortion and pragmatic mismatch.
===============================================================================

Figure 22: Translation of Language symbols CSI.

===============================================================================
You are a professional translator and translation evaluator.
Task:
Given a source sentence in {src_lang} containing a Culture-Specific Item (CSI): "{csi_text}",
design a single-choice question asking:
What is the most appropriate translation of this CSI into {tgt_lang} in this context?

You are also given a reference translation for internal judgment only.
IMPORTANT:

- The reference translation is for answer calibration ONLY and must not be mentioned.
- The question must ask about the best translation choice in general.

Input:
- Source Text: "{src_text}"
- Reference Translation (internal use only): "{tgt_text}"
- Target CSI: "{csi_text}"

Requirements:
1. The question must explicitly ask how to translate "{csi_text}" into {tgt_lang} in this context.
The question text must be written in English.
2. All options must be written in {tgt_lang} and be grammatically well-formed.
3. Exactly ONE option must preserve both the semantic meaning and cultural function of the CSI.
4. All distractor options must be lexically or structurally close to the correct translation,
but express a meaning that is semantically incompatible with the CSI in this context,
such that choosing them would lead to serious misunderstanding.
Distractors MUST contain a clear semantic or cultural error, such as:

- incorrect referent or denotation,
- wrong cultural function or usage,
- altered pragmatic meaning,
- misinterpreted idiom, metaphor, or culture-specific practice.

Differences based only on wording preference, style, register, or literalness are STRICTLY
FORBIDDEN.
5. The correct option must be consistent with how the CSI is treated in the reference translation
(even if translated implicitly or paraphrased).
6. The analysis MUST:
- justify why the correct option preserves the CSI’s meaning and cultural function;
- explicitly explain why each distractor fails due to a semantic or cultural mismatch;
- NOT suggest that any incorrect option is acceptable in another context.
Output strictly in JSON (no markdown):{

"question": "The question stem...",
"options": { "A": "Option A text", "B": "Option B text",

"C": "Option C text", "D": "Option D text"},
"answer": "A",
"analysis": "Explanation of why this option is the most appropriate translation in context."}

===============================================================================

Figure 23: Prompt for Generating Culture-Specific
Translation SCQs.

===============================================================================
Source (ZH):女人都是一个心眼，她认准的事谁也不能让她变。

CSI:心眼

Reference (EN): Women are stubborn—once they get their minds set on something, no one can
budge them.
---------------------------------------------------------------------------------------------------------------------------------
Question: What is the most appropriate translation of "心眼" into English in this context?
Options: A: stubbornness B: eyes in one's heart C: inner wisdom D: mind's eye
---------------------------------------------------------------------------------------------------------------------------------
Model Choice: A – Correct
Model Trans:Women are all heart-eyed, and once they set their minds on something, no one can
change their minds.
===============================================================================

Figure 24: Case Study: Knowledge–Application Gap.
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Model Ctx. Acc. (w/ Know.) Ctx. Acc. (w/o Know.) Cul. Adapt. (w/ Know.) Cul. Adapt. (w/o Know.)

Llama-3-8B-Instruct-262k 4.007 3.210 4.298 3.623
Qwen2.5-7B-Instruct 4.533 3.811 4.771 4.060
Qwen2.5-14B-Instruct 5.012 4.323 5.226 4.653
Qwen2.5-32B-Instruct 5.206 4.490 5.366 4.748

Table 29: Performance comparison with and without knowledge-guided two-stage inference.

Figure 25: Representative case studies on contextual accuracy, cultural adaptation, functional equivalence, fidelity
and naturalness.
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