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Abstract

As machine translation (MT) rapidly advances
in bridging global communication gaps, there is
growing interest in variety-targeted translation
for fine-grained language variants and specific
translation styles. This translation variant aims
to generate target outputs that are not only con-
textually accurate but also culturally sensitive.
However, the lack of comprehensive evalua-
tion benchmarks has hindered progress in this
field. To bridge this gap, this work focuses on
the translation across styles and language vari-
ants, aiming to establish a robust foundation
for the automatic evaluation of fine-grained
cultural and stylistic nuances, thereby foster-
ing innovation in culturally sensitive transla-
tions. Specifically, we evaluate translations
across four key dimensions: semantic preser-
vation, cultural and regional specificity, expres-
sion style, and fluency at both the word and
sentence levels. Through detailed human eval-
uations, we validate the high reliability of the
proposed evaluation framework. On this basis,
we thoroughly assess translations of state-of-
the-art large language models (LLMs) for this
task, highlighting their strengths and identify-
ing areas for future improvement.

1 Introduction

Machine Translation (MT) has made significant
strides in breaking down communication barriers
around the world, particularly for widely spoken
languages like Chinese and English at a broad level.
As MT technologies continue to advance, there is
growing interest in variety-targeted translation, tar-
geting fine-grained language variants such as re-
gional dialects (Kumar et al., 2021; Riley et al.,
2023), and specialized stylistic adaptations, includ-
ing formality-aware MT (Niu et al., 2017, 2018;
Wang et al., 2019) and personalized MT (Michel
and Neubig, 2018; Vincent, 2021). This evolu-
tion in MT aims to ensure that translations are not
only contextually accurate but also culturally sen-

sitive, thereby facilitating cross-cultural commu-
nication (Yao et al., 2024). The emphasis on inte-
grating translations with different regions, cultural
contexts, and specific styles highlights the unique
challenges of this task compared to general ma-
chine translation. As a result, traditional evaluation
metrics such as BLEU are no longer adequate to
measure the quality of these fine-grained transla-
tions (Riley et al., 2023). Progress in this area has
been hampered by the lack of comprehensive, high-
quality evaluation benchmarks to assess stylistic
and cultural variations in translations.

To bridge this gap, this work explores auto-
matic evaluation metrics for translations across
styles and language variants. Specifically, we focus
on the translation scenario from English to Chi-
nese variants, targeting social media translations
in Mainland Mandarin (zh_CN), Taiwanese Man-
darin (zh_TW), and the web-minority Singaporean
Mandarin (zh_SG). To comprehensively capture
cultural and regional nuances as well as the desired
expression style in translations, we assess transla-
tions at both word and sentence levels across four
key dimensions: semantic preservation, cultural
and regional specificity, expression style, and flu-
ency. At the word level, we evaluate lexical terms
that explicitly reflect regional and cultural nuances,
focusing on: 1) models’ ability to accurately under-
stand and translate region-specific vocabulary; 2)
the alignment of lexical choices in models’ transla-
tions with local references, showcasing its grasp of
domain- or culture-specific expression patterns. At
the sentence level, we leverage implicit linguistic
expression features to evaluate the model’s over-
all performance in meaning preservation, regional
cultural adaptation, and expression style transfer.

In summary, the key contributions of this work
are three-fold:

• We develop and release a benchmark for the
translation across styles and language variants,
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featuring several automatic evaluation metrics
from linguistic perspectives, along with test
sets that are manually annotated with region-
and style-specific words.1

• We conduct detailed human evaluation across
multiple evaluation dimensions, verifying the
strong consistency between human judgments
and the automatic metrics, thereby ensuring
the high reliability of the proposed evaluation
framework.

• Using the proposed evaluation framework, we
provide a comprehensive assessment of pre-
dictions generated by several state-of-the-art
large language models (LLMs), highlighting
their strengths in this task and identifying di-
rections for future improvement.

2 Related Work

2.1 Variety-Targeted Machine Translation
Nowadays, variety-targeted MT work mainly fo-
cuses on regions and styles. Among these, region-
aware MT targets specific regions or dialects (Zbib
et al., 2012; Baniata et al., 2018; Costa-jussà et al.,
2018; Honnet et al., 2018; Chakraborty et al., 2018;
Lakew et al., 2018; Sajjad et al., 2020; Wan et al.,
2020; Kumar et al., 2021). Style-targeted MT has
explored several subtypes such as formality-aware
MT (Niu et al., 2017, 2018; Wang et al., 2019),
which focuses on different levels of formality, and
personalized MT (Michel and Neubig, 2018; Vin-
cent, 2021), which aims to match an individual’s
specific style. These efforts contribute to more con-
textually appropriate and user-centric translations.

2.2 Cross-Cultural and Stylistic Evaluation
Evaluation on translations across cultural and stylis-
tic boundaries remains underexplored. Yao et al.
(2024) address cultural evaluation by focusing on
culture-specific items, Riley et al. (2023) exam-
ine regional lexical and terminological variations.
However, they focus on vocabulary-level differ-
ences and overlook finer-grained cultural, regional,
and stylistic nuances embedded in discourse pat-
terns, idiomatic expressions. Besides, research in
text style transfer (TST), which aims to modify
the stylistic properties (such as formality, polite-
ness, and sentiment) of a sentence while preserving
its core meaning, sharing important parallels with

1https://github.com/txAnnie/
Evaluation-on-Variety-Targeted-MT.

cross-cultural and -stylistic translation. Despite its
contribution in evaluating content preservation, flu-
ency, and style transfer (Li et al., 2018; Mir et al.,
2019; Pryzant et al., 2020; Briakou et al., 2021),
current TST evaluation remains limited in captur-
ing cultural nuances.

To address these limitations, this work uniquely
focuses on evaluating sensitivity to cross-cultural
expressive styles, moving beyond superficial vocab-
ulary differences. By capturing these nuances, our
work introduces a comprehensive evaluation frame-
work that goes beyond traditional MT metrics such
as BLEU, providing a deeper assessment of the
cultural adaptability and stylistic appropriateness
of translations.

2.3 LLMs on Machine Translation

Large language models (LLMs), with billions of
parameters and training on massive multilingual
datasets, have shown promising results in the do-
main of MT. In addition to LLMs with strong mul-
tilingual translation capabilities, such as GPT-4o2

and models designed specifically for translation-
related tasks like TowerInstruct3, there is a grow-
ing body of work exploring the translation capa-
bilities of LLMs, particularly through techniques
like fine-tuning, prompt engineering, and domain
adaptation (Zhang et al., 2023; Bawden and Yvon,
2023; Vilar et al., 2023; Hendy et al., 2023; Lu
et al., 2024; Zhu et al., 2024a; Zeng et al., 2024;
Zhu et al., 2024b). The field of MT has undergone
a dramatic transformation, achieving remarkable
improvements in both fluency and contextual accu-
racy, steadily breaking down language barriers.

In contrast, traditional NMT systems lag behind
LLMs, especially in variety-targeted MT, where the
scarcity of large-scale training data limits their per-
formance. Given this gap, this work focuses exclu-
sively on LLMs, analyzing their relative strengths
and limitations in facing linguistic diversity.

3 Variety-Targeted MT across Styles and
Language Variants

3.1 Task Definition

General MT translates between coarse-grained lan-
guage sentences. Given a source sentence X =
(x1, x2, .., xn), a translation model generates the

2https://openai.com/index/hello-gpt-4o/
3https://huggingface.co/Unbabel/

TowerInstruct-7B-v0.2
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General MT Variety-Targeted MT across Styles and Languages

Translation Language Coarse-grained languages.
E.g., Chinese, English

Fine-grained language variants (regional dialects).
E.g., Singaporean Mandarin, Taiwanese Mandarin

Translation Style Remain source style Specific style different from Source
Translation Focus Word by word translation Semantic translation

Table 1: A comparison of general and variety-targeted MT.
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Figure 1: Four evaluation dimensions and their mani-
fests at the word and sentence levels.

corresponding target sentence Ŷ = (ŷ1, ŷ2, .., ŷm),
prioritizing the semantic accuracy of the words.

In contrast, Variety-targeted MT goes beyond
content preservation, adapting the source sentence
X = (x1, x2, .., xn) into a target sentence Y ES

T =
(y1, y2, ..., yk) that retains the same semantic mean-
ing while incorporating a distinct styleES suited to
regional dialects or fine-grained language variants.
Table 1 outlines the core differences. While general
MT emphasizes literal or meaning-preserving trans-
lation between standard languages, variety-targeted
MT demands context-sensitive adaptation at both
the lexical and stylistic levels. This distinction
makes it more challenging: the model must infer
implicit style and variant cues and produce outputs
that satisfy both semantic fidelity and stylistic con-
formity. This paper focuses on Chinese variants in
social media scenarios, where style transformation
involves: a) using appropriate slang and colloqui-
alisms; b) adopting typical social media discourse
patterns; and c) reflecting the cultural norms and
sensitivities.

3.2 Evaluation Criteria

To evaluate whether a translation aligns with the
intended cultural context, regional variation, and

stylistic requirements, we assess outputs across
four key dimensions: 1) Semantic Preservation.
How well the core meaning of the source sentence
is retained in the translation. 2) Cultural and Re-
gional Specificity. Whether the translation reflects
the appropriate regional dialect and culturally rele-
vant expressions. 3) Expression Style. The degree
to which the translation adopts target style, particu-
larly social media discourse patterns and informal
tone. 4) Fluency. The overall naturalness, gram-
maticality, and readability of the translation. These
dimensions are assessed at both the word and sen-
tence levels, as illustrated in Figure 1. Specifically:
At the word level, we evaluate:

• Region-specific lexical term translation. The
ability of a model to correctly translate region-
specific vocabulary.

• Vocabulary similarity. The alignment of lexi-
cal choices with culturally preferred or region-
ally conventional terms.

At the sentence level, we assess:

• Semantic preservation. The extent to which
the sentence meaning is retained.

• Cultural and style adaptation. The implicit
adaptation of tone, idiomatic usage, and cul-
tural references.

• Fluency. The sentence’s coherence and gram-
matical correctness.

The dual-level evaluation provides a holistic view
of both explicit lexical choices and implicit contex-
tual appropriateness, to ensure that translations are
not only accurate but also stylistically and cultur-
ally resonant.

3.3 Evaluation Metrics

To operationalize the five evaluation dimensions
introduced above, we propose a set of automatic
metrics.
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Region-Specific Lexical Term Translation. Cer-
tain regions use unique lexical terms influenced by
local culture. For example, in Singaporean Man-
darin, the term “多多” refers to a lottery gaming
activity. To assess whether the model correctly
translates culturally or regionally distinctive terms,
we annotate region-specific terms in the reference
translations (refer to 3.5 for details) and calculate
the match ratio between model output and refer-
ence. It allows for partial matches in semantically
equivalent variants. For example, “多多” (ToTo)
and “多多彩票” (ToTo lottery) share the same
meaning, we allow partial matches to ensure evalu-
ation flexibility.

scoreWR =
NL_match

NL_match+NL_mismatch
, (1)

where NL_match and NL_mismatch are the numbers
of correctly and incorrectly translated annotated
terms, respectively.

Vocabulary Similarity. Beyond marked terms,
we assess how well the model aligns with region-
preferred vocabulary. For instance, the expressions
“一杯烧咖啡” in Singaporean Mandarin and “一
杯热咖啡” in Mainland Mandarin both convey “a
cup of hot coffee”, but the terms “烧” and “热”
are contextually fixed to their respective regions,
reflecting distinct linguistic conventions. Key con-
tent words in the reference ri and hypothesis hi are
identified using TF-IDF vectors 4, and a weighted
match score is calculated as:

Match(hi, ri) =
NV _match

NV _match+NV _mismatch
, (2)

whereNV _match andNV _mismatch denote the num-
ber of key content words in the reference that are
matched and unmatched in the hypothesis, respec-
tively. While vocabulary similarity (e.g., word over-
lap) is useful, it may fail to capture semantically
equivalent expressions. To mitigate this limita-
tion, we incorporate semantic similarity, measured
by TF-IDF vector cosine similarity (sim)5, as a
penalty weight to adjust the lexical match score. Af-
ter empirical experiments, a threshold of 0.7 (very
similar) is used:

sentscore =

{
Match(hi, ri), if sim ≥ 0.7

sim ·Match(hi, ri), otherwise
(3)

4https://scikit-learn.org/
5We train TF-IDF vectors using the reference translations

of our contributed benchmark dataset.

The final score is averaged at the sentence level
across the corpus:

scoreWV = (
∑
sentscore)/N (4)

Semantic Preservation. Semantic preservation
measures the similarity in content between refer-
ence translations and system-generated outputs. In
general MT tasks, where high word-level overlaps
are often required, BLEU (Papineni et al., 2002) is
commonly employed as it evaluates n-gram over-
laps between system outputs and reference trans-
lations. However, variety-targeted MT frequently
involves variations in word choice and word order
while preserving semantic meaning, which limits
BLEU’s effectiveness due to its inability to account
for reordered words. In contrast, chrF (Popović,
2015), which evaluates character n-gram F-scores,
has demonstrated a strong correlation with human
judgments in the TST tasks (Briakou et al., 2021).
Its ability to capture nuanced linguistic differences
makes it well-suited for evaluating semantic preser-
vation.

scoreSS = (
∑
chrF (ri, hi))/N (5)

Cultural and Style Adaptation. Beyond explicit
lexical elements, implicit features within contex-
tual sentences play a key role in shaping subtle cul-
tural nuances and stylistic traits. To automatically
extract these features for assessing Cultural and
Style Adaptation, we leverage a language model
(LM) to classify whether translations satisfy the ex-
pected cultural and expressive style, inspired by the
success of TST (Rao and Tetreault, 2018; Briakou
et al., 2021). We fine-tune XLM-R6 (Conneau et al.,
2020), a multilingual pre-trained language model,
using both human-written news and social media
sentences in zh_CN, zh_SG, and zh_TW language
variants (see Appendix A.1 for fine-tuning details).
The fine-tuned XLM-R serves as a classifier C,
which predicts the accuracy of model-generated
translations ri aligning with the desired language
variant and expression style ES, as follows:

scoreSC = (
∑
NC(ri)=ES)/N (6)

Fluency. Fluency, also referred to as grammat-
icality, readability, and naturalness of a sen-
tence (Mir et al., 2019), plays a crucial role in
evaluating translation quality. Previous work on

6https://huggingface.co/docs/transformers/
model_doc/xlm-roberta
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TST has validated fluency evaluation by measuring
perplexity and likelihood scores (PPL) based on the
probability distributions of language models (LMs)
applied to model-generated outputs (Pang and Gim-
pel, 2019). In particular, (Briakou et al., 2021)
demonstrated strong correlations with human judg-
ments using pseudo-likelihood scores (PSEUDO-
LL) derived from pre-trained masked XLM-R mod-
els7. Inspired by this, we adopt PSEUDO-LL for
fluency evaluation of translations. Given PSEUDO-
LL score Pi for each translation, we employ min-
max normalization to obtain the corpus-level score:

ScoreSF = (
∑ Pi−min(P )

max(P )−min(P ))/N (7)

3.4 Evaluation Scenarios
Overall Assessment. The metrics described
above reflect distinct aspects of the translations
individually. To comprehensively evaluate the
model’s performance, it is essential to consider
these metrics collectively, integrating their insights
to provide a holistic assessment. To achieve this,
we propose a combination method that rewards
consistency across individual scores while penal-
izing substantial imbalances among them. Specifi-
cally, we first normalize the individual scores using
min-max scaling to ensure all metrics are scaled
to the same range and thus directly comparable.8

Additionally, we introduce a penalty term po for
the fusion of metrics from different perspectives.
It is calculated as the mean absolute deviation
(MAD) of the individual normalized scores Ŝcorei
(i ∈ {WR,WV, SS, SC, SF}) from their mean
value Score:

po = (
∑∣∣∣Ŝcorei − Score

∣∣∣)/5 (8)

This penalty term highlights discrepancies between
the metrics, ensuring a balanced and fair evaluation
across different dimensions of translation quality.
With the penalty term, we define the final overall
score Fo as:

Fo = (
∑
Ŝcorei − ω · po)/5 (9)

where ω is a penalty weight9.
While we encourage using the overall score Fo

for a comprehensive assessment of translation qual-
ity, we also recognize that variety-targeted trans-
lation tasks may have varying requirements and

7XLM-R is trained in 100 languages, including zh_yue,
zh, zh_min_nan, and zh_classical.

8The minimum and maximum scores are set to 0 and 100.
9The penalty weight is set to 0.1 to provide a moderate

penalty for inconsistencies among individual metrics.

Language Sent Num. Avg Ref Len. Lexical Num.
zh_CN 200 36.83 240
zh_TW 200 28.93 209
zh_SG 200 52.42 254

Table 2: Statistic on test sets. “Lexical Num.” refers to
the number of annotated region-specific lexical terms.

that test sets in other languages may present unique
challenges. Therefore, we provide additional as-
sessments tailored to specific needs as following.

Word-Level Assessment. Evaluation metrics
for Region-Specific Lexical Term Translation
(ScoreWR) and Vocabulary Similarity (ScoreWV )
provide detailed insights into translation quality
at the lexical level. Together, these metrics of-
fer complementary perspectives on the lexical fi-
delity and appropriateness of the translations, en-
abling a thorough word-level evaluation. Similar
to overall assessment, to mitigate large discrep-
ancies among the individual scores, we introduce
the penalty term pw, computed among normalized
scores Ŝcorew ∈ {ŜcoreWR, ŜcoreWV }. And
the word-level score is then calculated as:

Fw = (
∑
Ŝcorew − ω · pw)/2 (10)

Sentence-Level Assessment. Evaluation met-
rics for Semantic Preservation (ScoreSS), Cul-
tural and Style Adaptation (ScoreSC), and Flu-
ency (ScoreSF ) together provide a comprehen-
sive evaluation of sentence-level quality, reflect-
ing both accuracy of the translation and the ap-
propriateness of the cultural and style. There-
fore, sentence-level score is computed based
on the normalized individual scores Ŝcores ∈
{ŜcoreSS , ŜcoreSC , ŜcoreSF } and the penalty
term ps, calculated to account for discrepancies
among these scores:

Fs = (
∑
Ŝcores − ω · ps)/3 (11)

Content Preservation Assessment. Beyond
word- and sentence-level assessments, we also eval-
uate the preservation of overall content. This is
achieved by combining the normalized Semantic
Preservation score ŜcoreSS and Region-Specific
Lexical Term Translation score ŜcoreWR, captur-
ing meaning preservation at both the sentence and
word levels:

Fc = avg(ŜcoreSS , ŜcoreWR) (12)
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Prompt {0}
Please perform region-aware formality-controlled
translation on the following input by translating it
into the style of {0}. Output translation only.
Input: en_src
Output: ref
»»»
Input: en_src
Output:
»»»

Informal Mainland Mandarin,
i.e., speak Chinese on social media like people in Mainland China.

Informal Taiwan Mandarin,
i.e., speak Chinese on social media like people in Taiwan area.

Informal Singaporean Mandarin,
i.e., speak Chinese on social media like Singaporeans.

Table 3: Prompt used for translation generation.

3.5 Evaluation Sets
Social media language varies widely in different
platforms, showcasing different dialects, slang, and
idiomatic expressions that are unique to various
cultural groups. To evaluate the sensitivity of trans-
lations across language variants and styles, we
construct test sets for translation scenarios from
English to social media style Mainland Mandarin
(zh_CN), Taiwanese Mandarin (zh_TW), and Sin-
gaporean Mandarin (zh_SG) (mainly involves gos-
sip and daily life domains). Specifically, we collect
locally written sentences from social media plat-
forms: zh_CN samples are sourced from Zhihu10,
zh_TW samples from PTT11, and zh_SG samples
from Facebook12. Two paid professional transla-
tors are hired to translate the social media sentences
into English, creating corresponding en-zh_* sen-
tence pairs13. To ensure the validity of word-level
evaluation, region-specific lexical terms differing
across regions are annotated based on online re-
sources14 and the expertise of the translators.

As a result, we construct three test sets, with
detailed statistics provided in Table 2.

3.6 Human Judgments
To verify the alignment between human judgments
and each of automatic evaluation metrics, we col-
lect human ratings as follows:

• For Semantic Preservation, we adopt the Se-
mantic Textual Similarity (STS) annotation
scheme (Agirre et al., 2016). Model outputs
are rated on a scale from 1 to 6 based on their
degree of semantic similarity to the reference.

10https://www.zhihu.com/explore
11https://www.ptt.cc/index.html
12https://www.facebook.com/facebook/
13During annotation, all potential personal information dis-

closures and offensive content were manually removed to
uphold ethical standards and ensure data integrity.

14https://www.languagecouncils.sg/mandarin/ch/,
https://www.moedict.tw/ and https://www.
digitaling.com/articles/381430.html

The levels are: Completely dissimilar, Not
equivalent but on same topic, Not equivalent
but share some details, Roughly equivalent,
Mostly equivalent, Completely equivalent.

• For Cultural and Style Adaptation, transla-
tions are annotated with both the language
variant (zh_CN, zh_TW, zh_SG) and the level
of style (news or social media).

• For Fluency, model outputs are rated on a
discrete scale from 1 to 5 to indicate fluency
degree (Heilman et al., 2014). The levels are:
Other, Incomprehensible, Somewhat compre-
hensible, Comprehensible, Perfect.

• For Region-Specific Lexical Term Translation,
binary labels (0 and 1) are used to indicate
whether the marked lexical term in the trans-
lation matches the reference.

• For Vocabulary Similarity, we rate the model
outputs on a discrete scale from 1 to 5 based
on the degree of lexical similarity with the
reference. The levels are: Completely dissimi-
lar, Slightly similar, Moderately similar, Very
similar, Identical.

The alignment between human judgments and
automatic metrics is reported in Section 4.2.

4 Experimentation

4.1 Experimental Settings

Models. We evaluate several LLMs to verify the
consistency between automatic metrics and human
judgments. The selected models include the most
advanced GPT-4o (2024-05-13) (OpenAI, 2024),
open Llama Family (Llama3, 2024): Llama-3-8B-
Instruct and Llama-3.2-3B-Instruct, Chinese and
MT oriented LLMs: TowerInstruct-7b-v0.2 (Alves
et al., 2024), QWen2.5-7B-Instruct (Qwen, 2025),
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Semantic
Preservation

Vocabulary
Similarity Fluency Region-Specific Lexical

Term Translation
Culture and

Style Adaptation
Spearman’s ρ 0.57 0.61 0.60 - -

Cohen’s κ - - - 0.90 0.79

Table 4: Correlation between human judgments and automatic evaluation metrics. Spearman’s ρ is used to measure
discrete human ratings and continuous metric scores; Cohen’s κ is used to measure discrete human and metric
ratings.
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Figure 2: Comparison of individual evaluation metrics
across three translation scenarios.

gemma-2-9b-it (Gemma, 2024), aya-expanse-
8b (Aya, 2024), and Llama3-Chinese-8B-Instruct-
v3 (Cui et al., 2024).

Parameters. For all the LLMs, cutoff_len=256
and do_sample=False during generation to reduce
hallucinations and ensure deterministic outputs.

Prompts. We generate translations with 1-shot
in-context learning. Table 3 lists the prompt used
for this task.

4.2 Correlation Evaluation

We recruit three paid annotators, all familiar with
both English and the Chinese variants, to evalu-
ate the translation outputs of the aforementioned
LLMs. The evaluation is conducted across three
scenarios: en-zh_CN, en-zh_TW, and en-zh_SG.
Each annotator assesses 50 randomly selected trans-
lations for each scenario, as described in Sec-
tion 3.6. The annotations exhibit moderate inter-
annotator agreement, ensuring the reliability of the
human evaluation process. Table 4 reports the av-
erage correlation scores across annotators and the
automatic metrics for a total of 150 selected trans-
lations.

For Semantic Preservation, Vocabulary Similar-
ity, and Fluency metrics, we calculate the Spear-
man’s ρ between human-annotated discrete scale la-
bels and metrics-generated continuous scores. The

correlation scores for these metrics all exceed 0.55,
demonstrating a positive relationship between hu-
man and automatic evaluations. Additionally, a
heatmap illustrating these correlation scores for
each region is provided in Appendix A.2. For
Region-Specific Lexical Term Translation and Cul-
tural and Style Adaptation metrics, we compute
Cohen’s κ between human and metric-annotated
discrete labels. The results indicate that the Kappa
score for Cultural and Style Adaptation falls within
substantial agreement (0.61-0.80). Notably, the cor-
relation between human and metric evaluations for
Region-Specific Lexical Term Translation achieves
near-perfect agreement. Additionally, for Cultural
and Style Adaptation indicator, we further assess
correlations separately for language variant clas-
sification and expression style classification. The
model’s scores on F1 for these classifications reach
93.24 and 91.70, respectively. Moreover, we ana-
lyze the translations with GEMBA-MQM (Kocmi
and Federmann, 2023) and provide analysis exam-
ples in Appendix A.3.

All in all, these results highlight a strong align-
ment between human evaluations and automatic
metrics, verifying the reliability of the proposed
evaluation framework.

Moreover, we examine the independence and
complementarity of the proposed metrics through
the cross-metric Pearson correlation. The analysis
in Appendix A.4 shows that these metrics are dis-
tinct yet correlated within a hierarchical assessment
framework for translation quality, reflecting their
ability to independently assess different aspects of
translation while jointly contributing to the overall
quality.

4.3 Analysis of LLM Gap in Cultural
Language Understanding and Generation

We evaluate several recent LLMs on this task,
grouping them into three categories for perfor-
mance comparison in Table 5.

Comparing results across the three transla-
tion scenarios, LLMs generally perform bet-
ter on en-zh_CN translations (average Fo =
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Model Overall (Fo) Sentence-Level (Fs) Word-Level (Fw) Content Preservation (Fc)

en-zh_CN

GPT-4o 51.66 60.21 47.58 35.27
Llama3 33.75 52.08 23.29 16.57

Llama3.2 24.87 42.97 14.68 10.23
TowerInstruct-v0.2 31.16 48.68 20.56 14.82

Qwen2.5 40.05 53.30 30.99 21.07
Gemma2 44.58 55.62 39.19 27.40

Aya 35.34 50.59 25.76 17.01
Llama3-Chinese 36.88 55.83 25.79 18.45

en-zh_TW

GPT-4o 42.07 48.96 49.12 39.62
Llama3 21.90 39.14 23.04 15.88

Llama3.2 22.50 45.17 16.28 9.61
TowerInstruct0.2 19.40 37.02 19.61 12.15

Qwen2.5 25.49 39.69 28.19 18.74
Gemma2 41.72 52.68 42.07 35.56

Aya 21.98 35.78 26.52 17.70
Llama3-Chinese 26.56 40.99 29.71 22.10

en-zh_SG

GPT-4o 44.47 50.61 49.60 38.97
Llama3 27.62 47.26 19.50 14.64

Llama3.2 25.25 56.06 13.82 9.75
TowerInstruct0.2 28.77 54.69 20.93 14.27

Qwen2.5 33.51 48.45 29.56 20.64
Gemma2 32.92 50.67 24.50 17.56

Aya 27.47 41.68 26.46 17.01
Llama3-Chinese 28.20 44.09 23.76 16.29

Table 5: Results of evaluation metrics on diverse evaluation scenarios. All p-values (paired t-test) ≤ 0.05.
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Figure 3: Comparison of individual metrics within each translation scenario.

37.29, Fs = 52.41) than on en-zh_TW (average
Fo = 27.20, Fs = 42.43) and en-zh_SG (average
Fo = 31.03, Fs = 49.18). Given GPT-4o’s con-
sistently strong performance across scenarios, we
visualize its individual metric results in Figure 2 to
examine its strengths and limitations. The figure
shows that GPT-4o notably excels in sentence-level
Cultural and style Adaptation for en-zh_CN trans-
lations, explaining its higher overall and sentence-
level scores compared to en-zh_SG and -zh_TW.
This advantages likely stems from training data pre-
dominantly composed of Mainland Mandarin, with
limited exposure to Singaporean and Taiwanese
Mandarin varieties. Meanwhile, GPT-4o’s perfor-
mance on other metrics remains relatively modest
and consistent across all scenarios, revealing a key
limitation in handling evolving slang and localized
discourse practices across diverse cultural settings.

Comparing results within each translation sce-

nario, we find that beyond GPT-4o’s strong per-
formance, Chinese and MT oriented LLMs (third
group in each scenario) exhibit a clear advantage
over general open models (Llama3 and Llama3.2)
in capturing cross-cultural nuances, with Gemma2
being particularly notable. To further reveal the
challenges faced by LLMs in this task, we visual-
ize their performance across individual evaluation
metrics in Figure 315. While a few models show
promise in identify cross-cultural discourse pat-
ten and idiomatic expressions (Cultural and style
Adaptation), most struggle with word-level cultural
nuances (vocabulary Similarity, Region-Specific Vo-
cabulary Term Translation), reflecting insufficient
background knowledge of LLMs. More impor-
tantly, Figure 3 reveals a fundamental and ongoing
challenge: achieving cultural and stylistic adapta-
tion without compromising semantic adequacy in

15Detailed results are listed in Appendix A.5.
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cross-cultural and style-sensitive MT. This imbal-
ance underscores the need for future work to effec-
tively balance meaning preservation and culturally-
aware adaptation to advance the development of
translations across style and culture.

5 Conclusion

To fill the gap in a thorough evaluation of variety-
targeted machine translation, this work proposes
a benchmark for automatically assessing machine
translation across language variants and styles. A
detailed human assessment validates the high relia-
bility of the proposed evaluation framework. Lever-
aging the proposed metrics, we perform a compre-
hensive evaluation of recent LLMs on this task and
highlight key challenges for future research.

6 Limitations

We identify four main limitations of the proposed
metrics:

Firstly, this study proposes an evaluation frame-
work and test sets covering three Chinese variants:
abundant Mainland Mandarin, few-shot Singa-
porean Mandarin, and Taiwanese Mandarin. These
Chinese variants provide a rich testbed due to
their distinct lexical, stylistic, and cultural differ-
ences. By establishing this comprehensive evalua-
tion framework, we aim to lay the foundation for
adapting the metric to other language pairs in the
future. In particular, we plan to explore diverse
language families, such as European Portuguese vs.
Brazilian Portuguese, Canadian French vs. Euro-
pean French, which exhibit structural and cultural
distinctions different from Chinese, thereby broad-
ening the applicability of the metric. To achieve
that, we plan to implement word-level metrics in a
human-in-the-loop workflow: 1) Leveraging large
region-specific corpora to automatically identify
candidate dialectal terms using statistical methods
such as PMI to detect words strongly associated
with a specific region and 2) Automatically gen-
erating candidate lists for human annotators for
efficient validation and refinement to maintain high-
quality standards. Additionally, while the current
test set is carefully curated with an emphasis on
quality and detailed annotations (Sections 3.5) cap-
ture subtle phenomena like cultural and stylistic
adaptation, we acknowledge the importance of scal-
ing it further. Moving forward, we will continue
to expand the test set and advance this line of re-
search.

Secondly, despite our careful selection of source
texts from local social media content and profes-
sional translation efforts to preserve style, cultural
context, and dialectal features, translating already
translated texts may still pose limitations in fidelity
and naturalness. However, this also implies that
although LLMs may have seen the original Chi-
nese posts from Zhihu, PTT, or Facebook in their
training data, it is highly unlikely that they were
exposed to the professionally translated English
source sentences we specifically created for the
benchmark, which minimizes the risk of data con-
tamination and helps ensure the reliability of the
experimental results.

Thirdly, while the framework focuses on cultural
and expression style transfer, variety-targeted ma-
chine translation encompasses a broader spectrum
of styles, such as politeness and personalized tones.
The current approach does not account for all these
styles, limiting its ability to evaluate customized
translations comprehensively.

Fourthly, we rely on in-context learning to assess
large language models (LLMs) rather than fine-
tuned models specifically optimized for this task.
As a result, the LLMs’ potential performance may
not be fully reflected in the evaluation.
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A Appendix

A.1 Fine-Tune XLM-R for Cultural and Style
Adaptation Evaluation

To enable XLM-R to identify cultural and
stylistic diversities, we employ LoRA
fine-tuning on XLM-R for 5 epochs
(learning_rate=5 × 10−5, batch_size=32, shuf-
fle_seed=42, max_seq_length=128) using a dataset
of total 10,000 examples with the following labels:

Label 0: zh_CN social media comments from
Zhihu (https://www.zhihu.com/explore);

Label 1: zh_SG social media comments
from Facebook (https://www.facebook.
com/facebook/);

Label 2: zh_TW social media comments from
PTT (https://www.ptt.cc/index.html);

Label 3: zh_CN news sentences from
voachinese (https://www.voachinese.
com/China);

Label 4: zh_SG news sentences from zaobao
(https://www.zaobao.com.sg/);

Label 5: zh_TW news sentences from twre-
porter (https://www.twreporter.org/)

The fine-tuned XLM-R achieves an accuracy of
97.07% on a dev set consisting of 6,000 sentences
(each label 1,000 sentences).

A.2 Spearman’s ρ on Each Translation
Scenario

Detailed Spearman’s ρ between human-annotated
discrete scale labels and metrics-generated contin-
uous scores for each translation scenario is shown
in Figure 4.

Figure 4: Spearman’s ρ between human judgments and
automatic metrics on three translation scenarios.

A.3 Analysis with GEMBA-MQM

We analyze the translations using GEMBA-
MQM (Kocmi and Federmann, 2023). To adapt
GEMBA-MQM for this task, we modify the prompt
as follows:

source_lang source: source_seg

target_lang translation: target_seg

Based on the source segment and machine
translation surrounded with triple backticks,
identify error types in the translation and clas-
sify them. The categories of errors are: accu-
racy (addition, mistranslation, omission, un-
translated text), fluency (character encoding,
grammar, inconsistency, punctuation, regis-
ter, spelling), style (non-informal Mainland
Mandarin expressions), terminology (inap-
propriate for context, inconsistent use), non-
translation, other, or no-error.

Each error is classified as one of three cate-
gories: critical, major, and minor. Critical
errors inhibit comprehension of the text. Ma-
jor errors disrupt the flow, but what the text is
trying to say is still understandable. Minor er-
rors are technically errors, but do not disrupt
the flow or hinder comprehension.
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Source Translation GEMBA-MQM Analysis
zh_CN I was working in Singapore in

1969. Back then, I often saw
him in 7th month getai. He is
getting old now.

我1969年在新加坡工作过。那个
时候我经常在七月中秋看到他。
他现在都老了。

Critical:no-error
Major:accuracy/mistranslation-
“七月中秋” should be “七月歌台”
or “七月戏台” as “getai” refers
to a live stage performance held
during the Hungry Ghost Festival
in the seventh lunar month, not
“Mid-Autumn” which is “中秋”.
Minor:no-error

zh_TW Your values have changed. Also,
all-you-can-eat buffets are not
the trend at all, okay?

妳的設定改變了喔！而且吃到飽
根本不是流行趨勢啦，好嗎？

Critical: no-error Major: accu-
racy/mistranslation - “妳的設定改
變了喔” should be something like
“妳的價值觀改變了” as “values” in
this context refers to “values” not
“settings”. Minor: no-error The mis-
translation of “values” to “settings”
(設定) could potentially lead to con-
fusion about the meaning of the
sentence, as it changes the subject
from personal beliefs or principles
to something more akin to prefer-
ences or configurations. This is a
major error because it could signifi-
cantly alter the intended message of
the source text.

zh_SG Captured a highly intelligent, hi-
larious CJ7 that speaks human
languages. Please do not fight
with me over it. Thanks!

抓到了一只超聪明、会说人话的
搞笑长江七号。别跟我抢哦，谢
谢！

Critical: no-error Major: accu-
racy/mistranslation - “搞笑” should
be “可笑的” or “滑稽的” to better
match “hilarious” instead of “funny”
which “搞笑” implies. Minor: no-
error

Table 6: Analysis with GEMBA-MQM.

As shown in Table 6, we found that GEMBA-
MQM has certain ability to identify translation er-
rors, along with region-specific lexical choices and
expressions, although some of them are classified
as translation inaccuracies.

A.4 Analysis on Independence and
Complementarity of Metrics

We conduct a cross-metric Pearson correlation anal-
ysis. As shown in Table 7, word-level metrics
(Region-Specific Lexical Term Translation and Vo-
cabulary Similarity) are strongly correlated with
the sentence-level Semantic Preservation metric
(r = 0.74 and r = 0.75), reflecting the intercon-
nected nature of translation quality. This suggests
that while these word-level metrics independently
assess explict lexicla choices, they also contribute
substantially to the evaluation of overall sentence-
level contextual adequacy. Moreover, Culture and
Style Adaptation shows moderate correlations with
meaning-oriented metrics: Region-Specific Lexical
Term Translation, Vocabulary Similarity, and Se-
mantic Preservation (r = 0.41 to 0.67), indicating
an added cultural dimension beyond semantics and
vocabulary. By contrast, Fluency exhibits negative

correlations with the other metrics (r = −0.27 to
−0.59), highlighting it as a distinct and sometimes
competing quality dimension.

Overall, these metrics are independent yet com-
plementary, collectively providing a comprehen-
sive assessment of translation quality.

A.5 Results on Individual Evaluation Metrics
Detailed results of LLMs on individual evaluation
metrics are presented in Table 8.
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Culture and Style
Adaptation

Semantic
Preservation

Region-Specific Lexical
Term Translation

Vocabulary
Similarity Fluency

Culture and Style
Adaptation 1.00 0.67 0.41 0.51 -0.59

Semantic
Preservation 0.67 1.00 0.74 0.75 -0.46

Region-Specific Lexical
Term Translation 0.41 0.74 1.00 0.60 -0.27

Vocabulary Similarity 0.51 0.75 0.60 1.00 -0.27
Fluency -0.59 -0.46 -0.27 -0.27 1.00

Table 7: Cross-Metric Pearson Correlation Results.

Translation Task Model
Word-Level Metric Sentence-Level Metric

Region-Specific Lexical
Term Translation

Vocabulary
Similarity

Semantic
Preservation

Culture and
Style Adaptation Fluency

en-zh_CN

GPT-4o 43.15 53.00 27.39 90.50 69.77
Llama3 14.94 33.50 18.19 76.50 68.81

Llama3.2 6.64 24.50 13.82 61.50 59.85
TowerInstruct-v0.2 11.20 32.00 18.44 70.50 63.59

Qwen2.5 21.58 42.50 20.56 84.00 62.35
Gemma2 34.44 45.00 20.36 86.50 67.55

Aya 14.11 40.00 19.91 75.50 62.94
Llama3-Chinese 17.43 36.00 19.46 83.50 72.33

en-zh_TW

GPT-4o 53.55 45.50 25.69 47.00 80.00
Llama3 16.11 31.50 15.64 27.00 83.01

Llama3.2 7.11 27.50 12.11 49.00 81.49
TowerInstruct-v0.2 9.48 32.00 14.82 24.50 79.76

Qwen2.5 21.80 36.00 15.67 31.50 79.34
Gemma2 50.71 35.00 20.40 67.00 77.56

Aya 17.54 37.50 17.86 18.00 79.71
Llama3-Chinese 27.01 33.00 17.19 31.00 82.58

en-zh_SG

GPT-4o 48.05 51.50 29.89 51.50 75.00
Llama3 11.72 29.00 17.56 58.00 72.59

Llama3.2 5.08 24.50 14.42 64.50 98.18
TowerInstruct-v0.2 8.59 36.00 19.95 57.00 94.60

Qwen2.5 22.66 38.00 18.62 60.50 72.62
Gemma2 18.36 32.00 16.76 72.00 70.50

Aya 12.11 44.00 21.90 36.50 72.39
Llama3-Chinese 12.11 38.00 20.47 47.50 69.34

Table 8: Results of individual evaluation metrics.
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