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Abstract

The prevalence of rapidly evolving slang, ne-
ologisms, and highly stylized expressions in
informal user-generated text, particularly on
Chinese social media, poses significant chal-
lenges for Machine Translation (MT) bench-
marking. Specifically, we identify two primary
obstacles: (1) data scarcity, as high-quality par-
allel data requires bilingual annotators famil-
iar with platform-specific slang, and stylistic
cues; and (2) metric limitations, where tradi-
tional evaluators like COMET often fail to cap-
ture stylistic fidelity and non-standard expres-
sions. To bridge these gaps, we first introduce
CSM-MTBench, an expert-curated benchmark
covering five Chinese—foreign language direc-
tions and comprising 10,915 total instances,
organized into two subsets: Fun Posts, fea-
turing context-rich content with frequent slang
and neologisms, and Social Snippets, focusing
on concise, emotion- and style-driven expres-
sions. Next, we propose tailored evaluation
approaches for each subset, including slang
translation success rate and style-preservation
metrics combining embeddings and LLM-as-
a-judge evaluation. Experiments on over 20
models reveal substantial variation in how cur-
rent MT systems handle semantic fidelity, slang
translation, and stylistic nuances. We further
look into model behaviors through prompt sen-
sitivity analysis and qualitative case studies,
highlighting the challenges of translating these
informal expressions. CSM-MTBench thus
serves as a rigorous testbed for advancing MT
systems capable of mastering real-world Chi-
nese social media texts.'

1 Introduction

Machine Translation (MT) has long been one

of the central tasks in Natural Language Pro-

cessing (NLP), as it enables communication and
*Corresponding author.

'We release the dataset at https://github.com/
KYuuto1006/CSM-MTBench.

knowledge exchange across languages (Bahdanau
et al., 2015; Newman-Griffis et al., 2021). De-
spite recent advances with Large Language Models
(LLMs) (Wang et al., 2023; Zhu et al., 2024; Xu
et al., 2024a; Wu et al., 2024), translating informal
user-generated content on social media remains
challenging (Qian et al., 2024; Guo et al., 2025).

Unlike the formal texts (e.g., news or
Wikipedia) commonly used in existing MT bench-
marks (Guzman et al., 2019; Goyal et al., 2022),
social media texts exhibit distinct linguistic charac-
teristics, including rapidly evolving slang, informal
expressions, and highly stylized language (Al Amer
et al., 2025). This phenomenon is particularly
prominent on Chinese social media platforms,
where users frequently create neologisms, abbrevi-
ations, and novel expressions through creative re-
combinations of existing characters, many of which
evolve rapidly over time and are rarely captured
by static MT benchmarks (Miao et al., 2026; Zhao
et al., 2026). Figure 1 illustrates an example where
MT models translate two semantically equivalent
Chinese sentences of distinct styles, formal versus
social media, into Japanese. While the models suc-
cessfully handle the formal sentence, they fail to
preserve the slang and the tone specific to social
media, highlighting the challenges of translating
these informal and creatively recombined” user-
generated content.

To build a benchmark for Chinese social media
MT, we identify two main challenges: data scarcity
and evaluation limitations. Existing Chinese social
media resources such as BOLT (Song et al., 2014)
and HADQAET (Qian et al., 2023) largely reflect
earlier-stage social-media languages that can be
easily handled by recent LLMs. Meanwhile, con-
structing high-quality annotations for up-to-date
social media data requires bilingual annotators who

For example, the Chinese phrase “JCIBEIZK T (really
speechless) in Figure 1 creatively combines “JC7&” (speech-
less)” with “Z]Z T (back to home), forming a new slang.
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Qwen3-8B h X T
1 feel disappointed in this event.

o

CDARY P> TIN?E, KEICTEHBHAWLC S WEEPY 72 Q

This event, this? I, really, to the point that I can 't even speak, is forced &) .

FEZ DAY MZFRBICKRELE L,
1 feel disappointed in this event.

o

Google Translate

ARV MEINEZTTTD ? EENHETAG,

Is this the only event? I'm speechless .

(%)

FAZESEDA N MZETHRELE LT,

Gold label
ol fabe 1 feel disappointed in this event.

TDARY P> TINET?REICENT-DHE
This event? Thats all? I'm honestly speechless &

Figure 1: MT into Japanese using Qwen3-8B and Google Translation for two Chinese source sentences expressing
the same meaning (“I feel disappointed in this event.”) in formal tone versus social media style. English references
are shown in ifalics. Social-media-specific tone is highlighted in red, and slang is highlighted in blue.

are familiar with social media expressions in both
languages, a skill set that is not widely available.
In addition, traditional automatic metrics including
BLEU (Papineni et al., 2002) and chrF (Popovic¢,
2015) and COMET (Rei et al., 2020) are often in-
sufficient for evaluating translations of informal
user-generated content where meaning may be con-
veyed through special expressions.

To address these challenges, we introduce a new
benchmark, CSM-MTBench, comprising 10,915
total translation samples for systematically eval-
uating MT performance on authentic Chinese so-
cial media texts. The up-to-date source data are
collected from a real Chinese social media plat-
form and manually translated into Spanish (es),
French (fr), Japanese (ja), Korean (ko) and Rus-
sian (ru) by expert human annotators, ensuring
high-quality multilingual references for evalua-
tion. Specifically, CSM-MTBench consists of two
complementary datasets: Fun Posts and Social
Snippets. Fun Posts contain longer, content-rich
user posts describing events or experiences and
often include slang and neologisms. In contrast,
Social Snippets capture short, highly emotional
comments that exhibit distinctive tones and stylis-
tic features. Together, these datasets reflect the
diverse linguistic styles in Chinese social media.

To better evaluate the MT performance, we
combine standard evaluation metrics such as
XCOMET (Guerreiro et al., 2024) with targeted
evaluation methods tailored to the distinct chal-
lenges of each dataset. For Fun Posts, we focus on
the accurate translation of neologisms and slang,
leveraging a carefully curated slang dictionary and
fuzzy matching to determine whether candidate
translations appear in the model output. For Social
Snippets, we evaluate the preservation of social-
media-specific tone and style by combining style

embeddings (Patel et al., 2025), emotion embed-
dings (Poulaei et al., 2025), and sentiment embed-
dings (tabularisai et al., 2025), complemented by
LLM-as-a-judge (Gu et al., 2025) method to assess
tone and style consistency.

We evaluate over 20 different models on CSM-
MTBench, including both MT-specific models and
general-purpose LLMs. Our results reveal several
notable trends. While LLMs achieve strong overall
performance on Fun Posts according to standard
metrics, their translations of neologisms and slang
remain inconsistent. On Social Snippets, models of-
ten fail to preserve the tone and style of the source,
particularly in emotionally charged content. These
findings highlight the challenges of translating real-
world Chinese social media and the need for bench-
marks and evaluation methods that better capture
these linguistic phenomena. We further conduct
prompt sensitivity experiments and qualitative anal-
yses to better understand model behaviors, and
find that even simple sentences become difficult
for models to translate when additional emotional
features, such as emojis or repeated exclamation
marks are present.

2 Related Work

2.1 Machine Translation with LLMs

Initial attempts of applying general-purpose LLMs
to MT, including models such as GPT3 (Brown
et al., 2020) and BLOOM (BigScience Workshop
et al., 2023), demonstrate strong multilingual capa-
bilities and promising zero-shot and few-shot per-
formance of LLMs. Subsequent work shows that
prompting plays a crucial role in unlocking LLMs’
translation ability (Vilar et al., 2023; Zhang et al.,
2023; Ghazvininejad et al., 2023), while studies
such as Chitale et al. (2024) and Lee et al. (2025)
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further establish the effectiveness of in-context
learning (ICL) for MT. The Aya family (Ustiin
et al., 2024; Aryabumi et al., 2024; Dang et al.,
2024) represents a line of LLLMs optimized explic-
itly for multilingual abilities.

In parallel, recent research has explored rein-
forcement learning for MT specific models (Xu
etal., 2024b; Wu et al., 2024; Guo et al., 2025). The
Tower series models (Alves et al., 2024) are pro-
posed to deal with multiple tasks present in trans-
lation workflows. GemmaX2 (Cui et al., 2025) in-
corporates data-mixing strategies during continual
pretraining to enhance multilingual performance,
while Hunyuan-MT (Zheng et al., 2025) employs
carefully engineered pre-training and post-training
pipelines tailored specifically for MT.

2.2 MT on Social Media Texts

Prior work has explored MT for informal text in
several languages. The NUS SMS Corpus (Chen
and Kan, 2012) contains short message data, re-
flecting earlier chat-style informal texts. Open-
Subtitles (Lison and Tiedemann, 2016) provides
conversational parallel data derived from movie
subtitles, which exhibit spoken language charac-
teristics. Michel and Neubig (2018) introduce
MTNT, a parallel corpus of noisy social media
text collected from Reddit, designed to evaluate
English, French and Japanese MT performance.
MMTC (McNamee and Duh, 2022) is constructed
from multilingual Twitter posts and focuses on
translation of user-generated microblog content.
Closest to our setting, several datasets have been
proposed for Chinese social media MT. Ling et al.
(2013) rely on automatic mining methods for mi-
croblogs data. BOLT (Song et al., 2014) collects in-
formal chat data from online messaging platforms.
Qian et al. (2024) construct a Weibo>-based dataset,
with evaluation restricted to the zh—en direction.
Guo et al. (2025) propose Redtrans-Bench, which
contains 2858 zh—en SNS (Social Networking Ser-
vice) translation pairs. However, the dataset is lim-
ited to a single language pair, and evaluation is only
performed using XCOMET (Guerreiro et al., 2024),
without consideration for SNS-specific features.
CSM-MTBench differs from existing resources
in four important aspects: (1) it is constructed from
up-to-date Chinese social media data, capturing
the rapidly evolving slang and stylistic conventions
on modern platforms; (2) it covers multiple target

3A mainstream Chinese social platform.

languages beyond the commonly studied zh—en
direction; (3) a more careful curation process with
human annotations; and (4) targeted evaluation met-
rics for social-media texts besides traditional ones.

2.3 Domain-specific MT

For Chinese-specific domains, recent research has
explored MT challenges arising from culturally
rich or linguistically unique content. Several works
focus on Chinese idiom translation (Li et al., 2024,
Fu et al., 2025; Yang et al., 2025b), a domain where
fixed expressions and metaphorical meanings pose
difficulties for both neural MT systems and LLMs.
WYWEB (Zhou et al., 2023) introduces a bench-
mark for classical ancient Chinese, covering tasks
such as sentence classification and MT. Similarly,
Chen et al. (2025) propose PoetMT for translating
classical Chinese poetry into English.

For culturally related domains more broadly,
Yao et al. (2024) evaluate MT on culture-specific
entities and concepts across languages. NEO-
BENCH (Zheng et al., 2024) examines model ro-
bustness to neologisms, with MT evaluation on
en—zh samples. NewTerm (Lerner and Yvon,
2025) focuses on scientific neologisms which cov-
ers en—r translation.

3 CSM-MTBench

In this section, we first describe the construction of
CSM-MTBench, followed by detailed explanations
of the two subsets: Fun Posts and Social Snippets,
and their corresponding evaluation metrics.

3.1 Dataset Construction

The source data of CSM-MTBench are collected
from Xiaohongshu*, a popular Chinese social me-
dia platform where users publish posts and interact
through comments. We first collect a large pool
of candidate data from January 2025 to July 2025,
including over 100k posts and comments.

Unlike prior work that typically relies on ran-
dom sampling through platform APIs, we adopt
an engagement-aware data construction strategy
to better capture representative social-media lan-
guage. For posts, we select 1,500 posts as can-
didate source texts by considering exposure level,
view counts, and the number of likes, aiming to
prioritize widely viewed and interacted posts that
reflect commonly encountered language patterns.

4Also known as RedNote, see https://en.wikipedia.
org/wiki/Xiaohongshu
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Figure 2: Construction of CSM-MTBench. We collect real-world data from a Chinese social platform and split
them into Fun Posts and Social Snippets. All data undergo filtering and bilingual expert translation.

Subset Pair num. Total num. Total Samples
Fun Posts 1,183 5,915
Social Snippets 1,000 5,000 10915

Table 1: Statistics for CSM-MTBench. Pair nums stands
for the number of samples per source-target pair.

For comments, based on engagement signals (e.g.,
likes, replies) and expressiveness of the text, we
initially selected 5,000 candidate comments.

We then separate user posts and comments into
two subsets: Fun Posts and Social Snippets (Fig-
ure 2; English translations of examples are in Ap-
pendix, Figure 4). The candidate data undergo fil-
tering before being translated into Spanish, French,
Japanese, Korean, and Russian by bilingual ex-
perts. After filtering, 1,183 samples are retained
in Fun Posts and 1,000 in Social Snippets. Dataset
statistics are summarized in Table 1, and Figure 3
visualizes the t-SNE figure for the two subsets us-
ing Qwen3-Embedding-8B. The two subsets ex-
hibit partial separation with limited overlap, indi-
cating noticeable distributional differences. Quan-
titatively, the cosine similarity between the subset
centroids is approximately 0.44, and the normal-
ized centroid distance is 0.24. These values suggest
a meaningful semantic distribution shift rather than
merely minor stylistic variation. Additional details
on the data processing pipeline are provided in Ap-
pendix A.1 and A.2.

3.2 Descriptive Side: Fun Posts

As shown in the right part of Figure 2, Fun Posts
consist of longer and more coherent user posts that
resemble short narratives or mini-blogs, with an
average length of 41.1 Chinese characters. These
sentences are generally complete and information-
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Figure 3: t-SNE illustration for two subsets.

rich, often containing neologisms and slang (see
Appendix, Figure 7). Fun Posts thus represent the
descriptive side of social media, where successful
translation requires preserving semantic nuances.
To quantify the preservation of these expressions,
we introduce the Slang Success Rate (SSR), follow-
ing Semenov et al. (2025). Given the 74, annotated
source—target pair (S;,T;), we first prompt GPT-
5 to identify slang or neologistic expressions s in
the Chinese source sentence and locate their corre-
sponding translations ¢ in the gold target sentence.
This produces a set of slang—translation pairs:

Pi = [(s1,t1), s (Sk )], (H

where k denotes the number of slang items in the
141, source-target pair.

Based on these slang-translation pairs, we fur-
ther prompt GPT-5 to augment each pair into a can-
didate dictionary, where multiple plausible target-
language expressions are generated under the given
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context. For each slang item s;, GPT-5 generates a
list of valid translation candidates, denoted as C;:

C; = [candijl-, ey candiy'], 2)

where m is the number of generated candidate
expressions. We then define the full set of ac-
ceptable translation candidates for s; as C;T =
[tj, candij, ..., candi"]. The prompt employed
to identify slang-translation pairs P and generate
these candidates is presented in Figure 8, Appendix.
Subsequently, human annotators review the gener-
ated candidates to filter out invalid entries. The
final data structure for Fun Posts is illustrated in
the upper part of Figure 7.

After obtaining the model translation T;, we ap-
ply fuzzy matching’ to determine whether any ex-
pression in Cj+ appears in the output. The score for
slang item s; is defined as:

iy g
0, otherwise

1,if FM(T},CH) > threshold
Score;; = , (3

where F'M () denotes the fuzzy matching function.
Based on these scores, the Slang Success Rate is
defined as:

1 L1
SSR = N Z z ;Scoreij, 4)

=1

where IV denotes the number of source—target
pairs containing slang or neologisms.

In total, 619 of the 1,183 Fun Posts samples con-
tain detected slang or neologisms, and each slang
term has 6.6 candidate translations on average.

3.3 Reactive Side: Social Snippets

Social Snippets, by contrast, capture the reactive
and highly informal side of social media communi-
cation. These entries are typically short, sometimes
only a few characters, and often rely on tone mark-
ers and stylized expressions that convey meaning
beyond the literal words. Much of the content is
emotion- or attitude-driven, expressing reactions
such as laughter, surprise, or frustration rather than
conveying factual information (see Appendix, Fig-
ure 7). As a result, Social Snippets provide a chal-
lenging testbed for MT systems, where standard
metrics such as XCOMET (Guerreiro et al., 2024)
may not fully capture the informal and nuance-rich
characteristics of the text.

Shttps://github.com/rapidfuzz/RapidFuzz

Unlike Fun Posts, the lexical simplicity of So-
cial Snippets makes it difficult to isolate inter-
pretable slang or neologisms for evaluation (see Ap-
pendix A.3.2). To address this issue, we adopt an
embedding-based evaluation that measures whether
translations preserve stylistic and emotional prop-
erties of the source. Specifically, we combine three
types of embeddings: style embeddings (Patel et al.,
2025), emotion embeddings (Poulaei et al., 2025),
and sentiment embeddings (tabularisai et al., 2025).

Given a source sentence S and model translation
T, we encode them using the embedding models
and compute the cosine similarity between them:

es, e = EmbeddingModel(S, T), 5)

sim = CosineSim(eg, e4). 6)

The final Embedding Similarity (ES) score is ob-
tained by averaging the cosine similarities across
the three embedding types, providing a holistic
measure of how well the translation preserves the
source’s style, emotion, and sentiment.

To further leverage our annotated transla-
tions, we also adopt a GEMBA-based evaluation
method (Kocmi and Federmann, 2023). Specifi-
cally, we use the GEMBA-stars prompting frame-
work (see Appendix Figure 6), where an LLM
judges whether the tone and style of the source
sentence are preserved in the translation.

4 Experiments

4.1 Experimental Settings
4.1.1 Evaluated Models

We evaluate a broad set of models, covering both
traditional MT architectures and modern LLMs.
The full list of 22 evaluated models is as follows:

* Closed-source LLM APIs: GPT-40 (OpenAl
et al., 2024), GPT-5 (OpenAl, 2025a), Claude-
Sonnet-4 (Anthropic, 2025);

* Open-source general-purpose LLMs:
Deepseek-V3 (DeepSeek-Al et al., 2025),
GPT-OSS-120B (OpenAl, 2025b), Aya-
101 (Ustiin et al., 2024), Aya-Expanse-
8B (Dang et al.,, 2024), three Gemma3-
IT (Gemma Team et al., 2025) series models
(4B, 12B, 27B), and eight Qwen3 (Yang et al.,
2025a) series models (1.7B, 4B, 4B-Instruct,
8B, 32B, 30B-A3B, 30B-A3B-Instruct,
235B-A22B);
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Models ‘ zh — es ‘ zh — fr ‘ zh — ja ‘ zh — ko ‘ zh — ru ‘ avg.
| XCOMET =SSR | XCOMET SSR | XCOMET ~SSR | XCOMET =SSR | XCOMET =SSR | XCOMET =SSR
Closed-source LLM APIs
GPT-40 86.38 69.14 83.06 68.01 88.21 63.17 85.36 60.58 84.49 63.65 85.50 64.91
GPT-5 86.34 79.32 82.67 81.09 87.64 75.12 85.46 76.58 84.17 76.41 85.26 71.70
Claude-Sonnet-4 86.05 74.15 82.49 73.34 87.81 66.72 85.54 72.21 84.07 70.11 85.19 71.31
Translation-specialized Models
NLLB-3.3B 70.07 27.95 64.50 27.14 61.52 18.26 64.28 21.16 67.09 23.10 65.49 23.52
google-translate 83.63 58.97 79.87 55.57 82.90 49.43 81.55 48.95 81.72 54.93 81.93 53.57
GemmaX2-9B 84.06 57.03 80.18 55.41 84.94 49.76 82.95 49.60 81.45 51.59 82.72 52.68
Hunyuan-MT-7B 84.35 54.60 80.17 52.18 86.31 49.60 85.05 51.70 82.66 49.92 83.71 51.60
Open-source General-purpose LLMs

DeepSeek-V3 84.33 70.11 81.05 70.92 87.26 67.04 84.34 64.94 83.50 69.31 84.10 68.46
GPT-OSS-120B 84.25 65.11 81.05 62.04 85.47 58.64 83.80 58.16 81.62 56.22 83.24 60.03
Aya-101 74.26 29.89 69.45 28.59 77.36 30.86 72.89 26.82 72.32 29.08 73.26 29.05
Aya-Expanse-8B 82.31 56.54 78.25 54.28 83.42 51.86 81.64 48.47 78.70 52.10 80.86 52.65
Gemma3-4B 79.72 53.15 74.98 48.79 80.61 42.49 77.67 44.43 76.83 46.37 77.96 47.05
Gemma3-12B 83.21 56.38 78.84 57.35 83.88 51.05 81.25 54.60 81.13 57.18 81.66 55.31
Gemma3-27B 84.49 64.29 80.73 60.90 85.65 56.22 83.13 55.09 82.29 58.16 83.26 58.93
Qwen3-1.7B 68.43 39.26 68.56 37.48 75.58 35.86 65.51 30.86 67.12 31.18 69.04 34.93
Qwen3-4B 79.99 48.30 75.47 46.37 80.24 41.84 74.04 40.39 74.55 40.06 76.86 43.39
Qwen3-4B-Ins 81.96 54.12 77.49 52.02 82.64 46.37 78.03 4491 77.28 49.11 79.48 49.31
Qwen3-8B 81.35 57.99 78.43 52.83 83.97 49.60 79.32 48.47 78.08 50.88 80.23 51.95
Qwen3-32B 83.90 60.09 79.86 58.64 85.15 55.57 82.02 53.96 80.34 51.86 82.25 56.02
Qwen3-30B-A3B 83.41 58.48 79.27 58.16 83.75 54.93 81.25 53.80 79.54 51.70 81.44 55.41
Qwen3-30B-A3B-Ins 84.25 60.90 80.49 58.18 85.76 54.28 82.16 58.00 80.50 55.90 82.63 57.45
Qwen3-235B-A22B 85.33 65.43 82.39 64.30 86.57 60.26 84.63 60.26 81.59 54.93 84.10 61.04

Table 2: Results for Fun Posts. SSR denotes Slang Success Rate. Within each model category, the best and
second-best scores are highlighted in bold and underlined font, respectively.

¢ Translation-specialized Models: NLLB-
3.3B (NLLB Team et al., 2022), Hunyuan-MT-
7B (Zheng et al., 2025), GemmaX2-9B (Cui
et al., 2025) and Google Translate®.

This selection allows us to examine model per-
formance across a range of architectures and model
scales, providing a comprehensive view of MT ca-
pabilities on Chinese social media text.

4.1.2 Implementation Details

We use XCOMET-XL for overall translation qual-
ity evaluation. For Fun Posts, the threshold for
fuzzy matching is set to 0.8 to tolerate surface vari-
ations that should not be penalized (tense, plural-
ization, abbreviation, details in Appendix A.7.1).
For Social Snippets, style embeddings are obtained
using mStyleDistance (Qiu et al., 2025)%, emo-
tion embeddings are produced using the model
from Bianchi et al. (2022)° , and sentiment embed-
dings are produced using tabularisai et al. (2025)'°.

6https://docs.cloud.google.com/translate/docs/
reference/rpc/google.cloud.translate.v2
7https://huggingface.co/Unbabel/XCOMET—XL
8https://huggingface.co/StyleDistance/
mstyledistance
9https://huggingface.co/MilaNLPr‘oc/xlm—emo—t
10https://huggingface.co/tabularisai/
multilingual-sentiment-analysis

Other implementation details can be found in Ap-
pendix A.4.

4.2 Main Experimental Results
4.2.1 Fun Posts

We summarize the results for Fun Posts in Table 2.
For clarity, we divide the table into: (1) closed-
source LLM APIs, (2) translation-specialized mod-
els, and (3) open-source general-purpose LLMs.

Closed-source LLM APIs exhibit strong trans-
lation quality across all five directions. On
XCOMET, GPT-40 and GPT-5 perform compara-
bly (the difference is not statistically significant
between the two models, Table 6), while GPT-5
leads by a large and consistent margin on SSR, sug-
gesting superior handling of slang and neologisms
in informal social media text. Claude-Sonnet-4
performs slightly below the OpenAl models on
XCOMET but surpasses GPT-40 on SSR, highlight-
ing its strength in capturing colloquial and stylis-
tic aspects of online discourse. This trend aligns
with the observations from Kocmi et al. (2025).
Across languages, models show complementary
strengths. For example, Claude-Sonnet-4 performs
particularly well on zh—ko, while all APIs demon-
strate strong results on zh—ja, reflecting the rela-
tively close language similarity between Chinese
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Models ‘ zh — es ‘ zh — fr ‘ zh — ja ‘ zh — ko ‘ zh — ru ‘ avg.
| XCOMET ES | XCOMET ES | XCOMET ES |XCOMET ES | XCOMET ES |XCOMET ES GEMBA
Closed-source LLM APIs
GPT-40 76.67 67.84 71.60 67.82 77.83 67.27 81.77 67.25 74.61 70.83 76.50 68.20 3.65
GPT-5 77.18 67.54 71.91 67.80 77.21 68.16 81.81 67.24 74.63 70.63 76.55 68.27 3.69
Claude-Sonnet-4 75.04 68.83 68.37 67.47 76.81 67.74 81.98 66.35 73.48 70.12 75.14 68.10 3.58
Translation-specialized Models
NLLB-3.3B 64.00 63.77 54.49 61.55 53.94 59.55 59.01 59.80 60.39 64.03 58.37 61.74 2.13
google-translate 75.68 66.51 71.54 66.04 71.67 64.62 77.64 64.50 72.51 68.39 73.81 66.01 3.17
GemmaX2-9B 76.64 67.13 70.26 66.69 75.98 65.34 79.84 65.98 72.00 68.07 74.94 66.64 3.19
Hunyuan-MT-7B 77.10 67.21 70.59 66.84 76.62 65.35 81.49 66.04 73.86 68.79 75.93 66.85 3.28
Open-source General-purpose LLMs
DeepSeek-V3 77.32 68.31 72.92 67.51 78.30 67.45 81.66 66.97 74.70 70.17 76.98 68.08 3.64
GPT-0OSS-120B 77.03 66.89 72.00 66.97 76.93 65.57 81.69 66.59 73.68 69.21 76.27 67.05 3.57
Aya-101 69.38 61.20 62.73 63.17 69.39 60.51 72.54 63.05 67.52 64.79 68.31 62.54 2.28
Aya-Expanse-8B 72.33 66.23 66.42 65.01 71.19 64.99 76.99 65.03 68.65 68.05 71.12 65.86 3.14
Gemma3-4B 71.35 65.19 64.88 64.39 68.85 64.86 70.98 64.33 66.79 67.21 68.57 65.20 2.85
Gemma3-12B 74.77 65.90 68.57 65.58 73.31 65.30 77.99 65.21 70.47 67.37 73.02 65.87 3.20
Gemma3-27B 74.86 66.33 69.22 65.93 74.18 65.75 79.08 65.58 71.90 67.69 73.85 66.26 3.37
Qwen3-1.7B 68.24 65.65 61.38 65.23 67.97 65.09 64.73 64.13 63.65 67.28 65.19 65.48 2.50
Qwen3-4B 72.41 66.01 66.68 66.34 68.36 66.08 71.66 65.21 67.47 69.22 69.32 66.57 2.79
Qwen3-4B-Ins 73.38 67.15 68.16 67.07 72.20 66.83 75.32 65.80 68.83 69.50 71.58 67.27 3.03
Qwen3-8B 74.06 66.53 67.84 66.96 7275 67.10 76.09 66.20 69.93 69.66 72.13 67.29 3.06
Qwen3-32B 74.35 66.98 69.29 66.93 73.90 67.55 77.67 66.69 70.91 70.23 73.22 67.68 3.24
Qwen3-30B-A3B 74.14 66.33 68.69 66.82 73.10 66.81 76.87 66.78 70.68 69.07 72.70 67.16 3.17
Qwen3-30B-A3B-Ins 75.34 67.27 69.56 67.28 74.75 66.64 78.55 66.88 71.25 69.55 73.89 67.52 3.32
Qwen3-235B-A22B 76.92 67.38 70.94 67.44 74.82 67.51 80.80 67.23 72.23 70.53 75.14 68.02 3.41

Table 3: Results for Social Snippets. ES denotes Embedding Similarity.

Within each category, the best and
second-best scores are highlighted in bold and underlined font, respectively. Full GEMBA results are in Table 5.

and Japanese.

Translation-specialized models reveal a con-
sistent gap compared with closed-source LLM
APIs. Traditional encoder-decoder models such as
NLLB perform noticeably worse across most met-
rics. Among other models, Hunyuan-MT-7B stands
out with robust XCOMET performance across all
language pairs, achieving quality comparable to
larger models. GemmaX?2-9B also performs well
in both semantic correctness and slang preservation.
Google Translate achieves the highest SSR within
this group, indicating relatively strong preservation
of informal social-media expressions. Neverthe-
less, translation-specialized systems still lag behind
closed-source LLMs in SSR.

Open-source general-purpose LLMs present a
wide performance spectrum, with larger models
generally outperforming smaller ones. DeepSeek-
V3 leads this group, achieving the highest
XCOMET and SSR among open-source models
and surpassing GPT-40 in SSR. Qwen3-235B-
A22B also ranks among the strongest systems over-
all. Within the Gemma3 and Qwen3 families, per-
formance improves consistently with model scale,
and recent instruction-tuned variants outperform
earlier versions. This trend suggests that both scal-
ing and advanced post-training significantly im-
prove translation robustness (Yang et al., 2025a).

Statistical significance tests on our results are
provided in Appendix A.6.

4.2.2 Social Snippets

We summarize the results for Social Snippets, in-
cluding XCOMET, the combined embedding simi-
larity (ES) and Gemba-stars (GEMBA) in Table 3.
Overall, XCOMET scores are noticeably lower
than those on Fun Posts, highlighting the difficulty
of translating short, informal, and emotionally ex-
pressive social media texts.

Closed-source LLM APIs continue to achieve
strong performance. Unlike in Fun Posts, GPT-5
surpasses GPT-40 across both XCOMET and ES,
suggesting stronger capability in capturing emo-
tional nuance and informal tone. GEMBA evalua-
tions closely follow the ES trend, further confirm-
ing GPT-5’s advantage in preserving stylistic as-
pects of short social-media texts (OpenAl, 2025a).

Translation-specialized Models show similar
patterns to those observed on Fun Posts. Hunyuan-
MT-7B achieves the strongest performance among
this group across all metrics, with GemmaX2-9B
ranking slightly behind. Google Translate pre-
serves the meaning of slang reasonably well but
struggles with informal tone and stylistic nuances.
Traditional encoder-decoder models such as NLLB-
3.3B perform substantially worse on this dataset.
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Open-source General-purpose LLMs again ex-
hibit clear scaling trends, with larger models consis-
tently outperforming smaller ones. DeepSeek-V3
leads this group across all metrics and achieves per-
formance comparable to closed-source APIs. Other
trends observed on Fun Posts, such as the benefits
of instruction tuning, remain consistent.

Overall, the combined embeddings provide a
reasonable assessment of translations’ style and
emotional fidelity, largely consistent with GEMBA-
stars evaluations. Considering the computational
resources required for using LLMs as evaluators,
ES offers an efficient yet effective alternative. More
discussion on ES is provided in Appendix A.5, and
we provide human judgments on these automatic
metrics in Appendix A.7.

4.3 Analysis
4.3.1 Prompt Sensitivity Analysis

Prior work has shown that prompting plays a crit-
ical role in enhancing translation performance,
for example by explicitly providing definitions of
culture-specific words or phrases (Ghazvininejad
et al., 2023; Yao et al., 2024). However, for Chi-
nese social-media-specific slang and neologisms,
whose meanings are highly implicit and evolving,
manually supplying accurate definitions is both dif-
ficult and labor-intensive. Instead, we investigate
prompt sensitivity on CSM-MTBench through five
prompting strategies: (1) Direct Instruction (en),
(2) Reminder Prompt, (3) Direct Instruction (zh),
(4) Two-stage Reasoning and (5) Few-shot. Details
for these prompts are provided in Appendix A.4.
In addition, for Social Snippets, we select 100 sam-
ples whose original posts can be retrieved and in-
corporate the corresponding posts as additional con-
text for translating comments (denoted as w/o or
w/ context). We specifically choose Qwen3-4B-Ins,
Qwen3-8B and GPT-4o for these experiments and
the results are reported in Table 4.

We observe different prompt sensitivities for Fun
Posts and Social Snippets. For Fun Posts, explic-
itly alerting LLMs to the existence of slang or ne-
ologisms (+Reminder) consistently improves both
XCOMET and SSR scores, whereas this strategy
provides limited benefit for Social Snippets. In con-
trast, the two-stage reasoning prompts and the few-
shot prompts have little or even negative impact on
Fun Posts but improve performance on Social Snip-
pets. Finally, switching the prompt language from
English to Chinese does not significantly affect the

Models ‘ Fun Posts ‘ Social Snippets
| XCOMET SSR | XCOMET ES  GEMBA
Qwen3-4B-ins
+ Direct (en) 79.48 49.31 71.58 67.27 3.03
+ Reminder 79.65 50.01 71.35 67.27 3.04
+ Direct (zh) 79.29 49.47 71.50 67.24 3.03
+ Two-stage 77.54 48.07 71.97 67.31 3.08
+ Few-shot 79.38 49.23 72.17 67.30 3.10
w/o context - - | 7069 6712 3.00
w/ context - - 72.34 67.35 3.11
Qwen3-8B
+ Direct (en) 80.23 51.95 72.13 67.29 3.06
+ Reminder 80.93 53.08 72.13 67.31 3.06
+ Direct (zh) 80.29 51.55 72.07 67.29 3.05
+ Two-stage 78.07 51.05 72.74 67.35 3.13
+ Few-shot 80.15 52.17 73.27 67.40 3.19
wlo context - - | 7251 6720  3.02
w/ context - - 73.97 67.37 3.19
GPT-40
+ Direct (en) 85.50 64.91 76.50 68.20 3.65
+ Reminder 85.94 67.08 76.65 68.23 3.72
+ Direct (zh) 85.44 65.01 76.57 68.19 3.65
+ Two-stage 85.01 64.33 77.12 68.33 3.77
+ Few-shot 85.97 65.37 77.24 68.35 3.77
w/o context - - | 7640 6821 3.6
w/ context - - 77.48 68.40 3.74

Table 4: Average evaluation results under different
prompt strategies. Grey indicates unchanged scores;
light green and light red denote small changes (<0.5),
while green and red denote larger changes (>0.5).

overall performance on either subset. For Social
Snippets, incorporating the original post as addi-
tional context information can consistently improve
the translation quality.

This analysis characterizes how prompting strate-
gies interact with the two subsets rather than es-
tablishing prompt-robustness. Paired bootstrap
tests against the Direct (en) baseline confirm that
the largest effects in each direction are significant
(p < 0.001): +Reminder on Fun Posts (Qwen3-
8B, GPT-40) and +Few-shot on Social Snippets
(Qwen3-8B, GPT-40). Differences from +Direct
(zh) are negligible in magnitude on both subsets.
Prompt design thus does not transfer across subsets
in a uniform way.

4.3.2 Qualitative Analysis

To better understand the challenges of translating
social media texts and how models behave under
different prompting strategies, we present qualita-
tive case studies in this section. We focus on the
Qwen3-4B-Ins model for the zh—ja direction. Ex-
amples for Fun Posts are shown in Figure 9 and
Figure 10, Appendix, while examples for Social
Snippets are provided in Figure 11, Appendix.
The case studies reflect the performance trends
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observed in Table 4. As shown in Figure 9 and Fig-
ure 10, the Reminder prompt helps the model bet-
ter handle polite or stylistic expressions that com-
monly appear in formal texts. In contrast, the Two-
stage prompting strategy occasionally causes the
model to generate non-existent Japanese words or
add extra content beyond the source sentence, pos-
sibly due to over-reasoning. The Few-shot prompt
helps the model handle overused polite expressions
in Japanese, but occasionally leads to unnatural
word choices. The Social Snippets example fur-
ther shows that when the source sentence contains
emojis or repeated exclamation marks, even sim-
ple expressions can become difficult for models
to translate (e.g., the “H | Z ! ! ! 4!
fR! 7! (Mr! Tian! I! miss! you!)” in Figure 11
can be easily translated if we exclude redundant
exclamation marks, but the model fails when given
direct instructions). However, this issue can be
mitigated through Two-stage reasoning, Few-shot
prompting, or by incorporating additional contex-
tual information.

4.3.3 Annotation Analysis

The annotation of social-media-specific texts is in-
herently challenging. During the peer-review pro-
cess, a sample is only finalized once agreement is
reached among reviewers. If a reviewer disagrees
with the previous translation, the sample is passed
to another reviewer for further revision. We mea-
sure annotation difficulty using the average number
of review rounds required before final agreement.
For Fun Posts, the average number of rounds is 1.2,
indicating that most translations are accepted after
a single peer review. In contrast, Social Snippets
require an average of 2.7 rounds before agreement
is reached. This substantial difference suggests
that Social Snippets contain greater ambiguity and
are inherently more challenging for both human
annotators and models. In addition, agreement on
slang or neologism usage in Fun Posts requires an
average of 1.4 rounds. Additional discussions on
annotations are provided in the Appendix A.2.
Other analyses, including a discussion of the dis-
tinction between the two subsets and the agreement
between automatic metrics and human judgments,
can be found in Appendix A.3 and Appendix A.7.

5 Conclusion

In this work, we introduce CSM-MTBench, a
benchmark for Chinese social-media machine trans-
lation, curated with bilingual expert translations

and covering complementary scenarios. Fun Posts
focus on context-rich, slang- and neologism-heavy
content, while Social Snippets emphasize concise,
emotion- and style-driven expressions. Our evalua-
tions reveal differences in how models handle se-
mantic fidelity, stylistic nuances, and social-media-
specific language. Our targeted metrics such as
Slang Success Rate, embedding-based similarity
effectively assess these challenges, highlighting ar-
eas where current models excel or fall short. CSM-
MTBench thus provides a practical tool for diag-
nosing and guiding the development of MT systems
tailored to real-world Chinese social media.

Limitations

While our work provides a comprehensive bench-
mark for evaluating machine translation on Chinese
social media texts, this work has several limitations.
First, we only focus on prompting strategies to im-
prove translation quality, such as reminding models
of the presence of slang, neologisms, or stylistic
requirements. More sophisticated approaches, e.g.,
slang-aware pretraining, targeted fine-tuning can
be investigated in future works. Second, although
CSM-MTBench covers five Chinese-foreign lan-
guage directions, the inclusion of additional di-
rections is constrained by annotation availability
and cost. Finally, CSM-MTBench is designed to
reveal systematic patterns in how LLMs handle
Chinese social-media text, not to produce a defini-
tive system ranking. Several top-tier models score
almost identically on some metrics, and we leave
the definitive ranking among such closely matched
models to future work.

Ethics Statement

CSM-MTBench is constructed with careful filter-
ing to mitigate potential ethical concerns, including
the removal of sensitive or inappropriate content.
All models used in our experiments are evaluated
in accordance with their respective licenses. We
use ChatGPT only for grammar refinement and
language polishing. Our work does not introduce
ethical biases but aims to make new, positive con-
tributions to MT community.
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A Appendix

A.1 Dataset Construction Details

Our candidate data undergo strict filtering to re-
move: (1) personal information, including names,
phone numbers, ID numbers, bank card numbers,
email addresses, and physical addresses; (2) vi-
olent or graphic content; (3) politically sensitive
content; (4) hate speech targeting individuals or
groups; and (5) pornographic, inappropriate; or (6)
any other potentially sensitive content. The filter-
ing prompt we used is shown in Figure 5. After the
LLM-based filtering, all data additionally undergo
security screening via internal automated safety
APIs to remove any potentially sensitive or risky
content.

For Fun Posts, all the 1183 source sentences are
shared across all five target languages. For Social
Snippets, due to filtering, since short sentences are
more difficult to reliably pass quality control, a
portion of the source sentences is duplicated across
language pairs. We ensure that all data collection,
processing, and usage comply with relevant legal
and ethical standards, and no private or personally
identifiable information is included in the released
dataset. Therefore, the dataset can be safely and
legally used for research purposes.

Following this filtering process, bilingual expert
annotators translate the remaining Chinese texts
into Spanish, French, Japanese, Korean, and Rus-
sian.

A.2 Annotation

Annotators (employees) are assigned with the trans-
lation tasks as part of their regular work responsibil-
ities, and no additional payment is provided beyond
their standard compensation. They are proficient in
both source and target languages and familiar with
Chinese social media expressions, including slang
and culture-specific references.
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@ —
ol & @
Q Mice (Poster) Qe

Wow!! Thauks so much for all the
likes and follows. I'll keep going and
do my best! Really appreciate the
support, feel free to join the group
chat for real-fime updates! (3 (3

Comments (99+) :

Q Eric
Oh my god, that's so cute!l
From Shanghai' [

0 Peter

Followed. Dow’t disappoint us.
From Beyying =

O

Figure 4: English translation for examples in Figure 2.

All annotators undergo training before the for-
mal annotation process. We first sample 100 in-
stances for pilot translation and quality checking,
during which we refine our translation instructions.
This calibration phase also help align annotators’
understanding of how to handle slang, tone preser-
vation, and stylistic differences across subsets.

Translation guidelines instruct them to preserve
the tone, style, and intent of the original text. Am-
biguous expressions or neologisms are carefully
interpreted in context to ensure faithful and natu-
ral translations. All translations undergo quality
control, including peer review and adjudication, to
form the final two datasets.

Guidelines for human translators: “Translate
the Chinese sentence into XXX. Give appropriate
translations for potential Chinese slang or neolo-
gisms, and preserve the original tone and style as
much as possible.”

We intentionally adopt a unified set of transla-
tion guidelines for both subsets. The guidelines
explicitly emphasize preserving slang expressions,
informal tone, and pragmatic nuances whenever
possible. The training phase ensures that annota-
tors develop a clear understanding of these require-
ments.

Guidelines for peer reviewers: “Check whether
the translation is accurate and complete with re-
spect to the Chinese source sentence. Revise any
incorrect, missing, or inappropriate translations.”

(s System Prompt N

You are a data security reviewer. Your task is to determine whether a

given text contains any of the following types of sensitive information,

and output only “yes” or “no.”

Sensitive categories include:

Personal information (such as name, phone number, ID number, bank

card number, email, address, etc.);

Violent or graphic content;

Politically sensitive content;

Hate speech (attacking a group or an individual);

Pornographic or inappropriate content;

Any other potentially sensitive information.

Be strict in your judgment—if there is any suspicion, classify it as
\_sensitive. Only output yes or no. J

( User Prompt \
k{source_c hinese_text} J

Figure 5: The prompt we used for strict filtering. All
samples labeled as “yes” are excluded from our dataset.
Text enclosed in italic braces {. .. } indicates placehold-
ers for the source Chinese content.

Models zh—es zh—fr zh—ja zh—ko zh—ru avg.
Closed-source LLM APIs
GPT-40 3.50 3.54 3.68 3.87 3.65 3.65
GPT-5 3.56 3.64 3.73 3.84 370  3.69
Claude-Sonnet-4 3.46 3.38 3.58 3.84 3.66  3.58
Translation-specialized Models
NLLB-3.3B 2.19 2.14 1.97 2.17 218 213
google-translate 3.17 3.20 3.00 323 327 3.7
GemmaX2-9B 3.12 3.11 3.27 3.31 315 319
Hunyuan-MT-7B 3.20 3.21 3.33 3.45 323 328
Open-source General-purpose LLMs

DeepSeek-V3 3.58 3.55 3.65 3.79 3.63  3.64
GPT-OSS-120B 3.46 3.52 3.51 3.74 3.60 3.57
Aya-101 2.20 221 2.53 2.29 2,18 2.28
Aya-Expanse-8B 3.04 3.12 3.14 3.27 313 3.4
Gemma3-4B 2.85 2.82 2.88 2.92 278 285
Gemma3-12B 3.16 3.11 3.24 3.38 313 320
Gemma3-27B 3.26 3.31 3.38 3.54 337 337
Qwen3-1.7B 2.46 2.56 271 2.36 241 250
Qwen3-4B 2.85 2.83 2.76 2.80 273 279
Qwen3-4B-Ins 3.05 3.02 3.05 3.08 293 3.03
Qwen3-8B 3.05 3.01 3.10 3.14 3.00 3.06
Qwen3-32B 3.21 3.23 3.24 3.36 314 324
Qwen3-30B-A3B 3.13 3.11 3.20 3.28 312 317

Qwen3-30B-A3B-Ins  3.28 3.28 3.37 3.44 324 332
Qwen3-235B-A22B 3.32 3.34 3.44 3.59 335 341

Table 5: Full Gemba-stars results for Social Snippets.

A.3 Distinction of Fun Posts and Social
Snippets

Beyond text length, different belongings (posts
and comments), and the distribution difference
introduced in Section 3.1, we separate CSM-
MTBench into two subsets for the following rea-
sons.

A.3.1 Different Roles of Slang

From a linguistic perspective, slang expressions
play different roles in the two subsets. In Fun Posts,
slang and neologisms typically appear as identifi-
able lexical items embedded in longer narrative
descriptions. This makes explicit slang identifica-
tion a meaningful evaluation task.
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In contrast, Social Snippets are short reaction-
style comments where meaning is often conveyed
through overall tone, emotion, and pragmatic style
rather than isolated lexical slang units. In such con-
texts, the stylistic and emotional alignment between
source and translation becomes more important
than detecting individual slang tokens. Therefore,
we evaluate Social Snippets using the ES score,
which measures style and emotional consistency
between source and target texts.

This distinction is further reflected in the Sec-
tion A.3.2.

A.3.2 Different Difficulty in Slang and
Identification

We also observe different levels of difficulty in
identifying slang and neologisms across the two
subsets. We try to identify the slang and neolo-
gisms for social snippets, but GPT-5 frequently
label the entire sentences as slang or neologisms
(in over 50% of sampled cases), suggesting higher
ambiguity in short comment-style texts.

As explained in Section 4.3.3, we perform hu-
man agreement for annotation. During pilot slang
identification annotation, we find that the agree-
ment on slang or neologism in Social Snippets of-
ten required multiple rounds of discussion (average
3.1 rounds), whereas Fun Posts required signifi-
cantly fewer revisions (average 1.4 rounds). There
even exist cases where annotators cannot make
agreements (<5%). This indicates that short com-
ments introduce greater ambiguity for both humans
and LLMs in determining what constitutes slang
or neologism usage and the reason why we don’t
apply slang identification on Social Snippets. Thus,
separating the subsets therefore helps capture dif-
ferences in annotation difficulty.

A.3.3 Unsuitability for ES on Fun Posts

We also examined the behavior of ES score on
the two subsets. While ES reliably distinguishes
human and machine translations in Social Snippets,
the metric becomes unstable for longer Fun Posts.

One explanation is that long posts often contain
multiple emotional tones or discourse intentions
within a single sentence. For example, the Chinese
sentence in Fun Posts: “3X 4 8 Y HSLH)/ME
VESHER—N, BRIEHIEDZRBANER
EEEHORBL, AXIEELL, BEMA
o WHE—EZFE, FRETE/NREEENR
TCECFEL L (It’s honestly rare to see such a vivid
and genuine little post, it feels like she’s sharing

her diary with us . I really hope she keeps getting
better, stays strong, and can bravely be herself
without being swayed by emotions. Every outfit
she wears and every little thing she uses makes
me want to buy it so badly!) contains multiple
and complex emotions. In such cases, embedding-
based classifiers tend to collapse these nuanced
signals into a single category, which introduces
noise in ES measurements. Due to this instability,
we find that ES is more suitable for short, focused
comment-style text, and therefore restrict its use to
Social Snippets.

A.3.4 Different Prompt Sensitivity

Finally, the two subsets exhibit different prompt
sensitivities as introduced in Section 4.3.1. This
difference further supports our decision to evaluate
the subsets separately. If we merge two subsets
together, we may not observe the different sensitiv-
ities.

A.4 Implementation Details

We utilize different prompts depending on model
family. For NLLB and Google Translate, we ex-
plicitly specify the source and target languages for
translation. For Aya-101, we apply a simple trans-
lation prompt:

“Translate to XXX: {source text}”.

For the remaining LL.Ms, we use a unified in-
struction:

“You are a translation expert. Please translate
the following sentence into XXX and output only
the translated result: {source text}”.

For models equipped with “thinking” modes
(e.g., Qwen3), we disable these features to ensure
fair comparison. The maximum number of newly
generated tokens is set to 512 across all models.
We set temperature to 0.0 for API models and
use greedy decoding (do_sample=False) for other
LLMs to ensure reproducibility. We use GPT-4o for
GEMBA-stars evaluation. Filtering is performed
with GPT-5. All experiments are conducted on
eight HS800 GPUs with a single run.

In Section 4.3.1, the five prompting strategies
we used are as follows:

* Direct Instruction (en): Exactly the same En-
glish prompt as we use in the main experi-
ments.

* Reminder Prompt: For Fun Posts, we use
“You are a translation expert. Please trans-
late the following sentence into XXX. Some
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sentences contain Chinese social media ne-
ologisms or slang; when translating, use
appropriate expressions. Output only the
translated result: {source text})”’. For Social
Snippets, we use “You are a translation ex-
pert. Please translate the following sentence
into XXX, preserving the tone and style as
much as possible. Output only the translated
result: {source text}”.

¢ Direct Instruction (zh): The Chinese transla-
tion for the English direct instruction.

* Two-stage Reasoning: For Fun Posts, we use
"You are a translation expert. First, identify
any Chinese internet slang in the follow-
ing sentence and provide an appropriate
XXX expression for it. Then, translate the
full sentence into XXX, making sure to pre-
serve suitable expressions for the Chinese
internet slang. Only output the translated re-
sult.". For Social Snippets, we use "You are a
translation expert. First, analyze the theme,
tone, and style of the following sentence,
then translate it into XXX. Only output the
translation result.".

» Few-shot Prompts: For Fun Posts, we use the
following 3-shot examples: “1. THERA], X
PNHAEREWIRHEE] ! FREE, b
o — RARARE, BB R R BRI,
EOIRSHAZF T - 2. B—IRHCMHUEE
KE, ABRIEAMII T BRI,
HIRE RS, BRI - 3. AR R
EREFERIR, GR-AMEATR, X1
K% LI - and their corresponding trans-
lations in five languages”. For Social Snip-
pets, we use "1. JRIRHLE T . 2 X KE
LTIE. 3. B AU R, SR
43= o and their corresponding translations in
five languages".

For Qwen3 series models, the suffix “-ins” is
used interchangeably with “Instruct-2507”, for
example, Qwen3-4B-ins equals to Qwen3-4B-
Instruct-2507'".

A.5 Discussion on Embedding Similarity

In general, embedding-based automatic metrics
aim to offer a convenient and computationally effi-
cient alternative to LLM-as-a-judge methods.

11https://huggingface.co/Qwen/
Qwen3-4B-Instruct-2507

KGEMBA -stars Style Prompt \

Score the following translation from Chinese to {LANG} based on their
styles and tone, with respect to the human reference with one to five
stars.

Do not consider translation accuracy, focus on whether the style
and tone of the source sentence are preserved in the target
translation.

Where one star means ‘Nonsense/No style or tone preserved’,

two stars mean ‘Some style or tone preserved, but not understandable’,
three stars mean ‘Some style and tone preserved and understandable’,
four stars mean ‘Most style and tone preserved with possibly few
mistakes’,

and five stars mean ‘Perfect style and tone preserved’.

Only output a number.

Chinese source: {source}

{LANG} human reference: {gold_label}

{LANG} translation: {target}

Figure 6: Our GEMBA-stars style prompt. Bold font
highlights the difference from the original GEMBA-
stars usage.

The mStyleDistance (Qiu et al., 2025) we adopt
serves as a style embedding model that maps texts
with similar stylistic properties to nearby represen-
tations while pushing stylistically different texts
farther apart, largely independent of semantic con-
tent. This design aligns well with our setting, where
the goal is to evaluate whether the stylistic charac-
teristics of the source sentence are preserved in the
translation (Patel et al., 2025).

The emotion embedding model (Bianchi et al.,
2022) classifies sentences into four emotion cate-
gories: joy, sadness, anger, and fear. The sentiment
embedding model (tabularisai et al., 2025) catego-
rizes sentences into five sentiment classes: Neu-
tral, Positive, Negative, Very Negative, and Very
Positive. A good translation should preserve the
emotion and sentiment of the source sentence.

For these models, we do not directly compare
whether the predicted labels of the source and tar-
get sentences match, as social media texts often
express mixed or nuanced emotions that fall out-
side the predefined label sets. Instead, we report
the cosine similarity between the source and tar-
get sentence embeddings to measure the degree of
emotional and sentiment alignment.

However, embedding-based automatic metrics
still have limitations. As shown in Table 3, the
highest ES score is 68.27 for GPT-5, while the
lowest score is 61.74 for NLLB-3.3B, indicating a
relatively narrow performance gap across models.
When computing ES between the source sentences
and human-annotated translations, the average ES
score reaches 70.32. Although ES exhibits limited
absolute discriminability, it remains effective in re-
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/T Fun Posts Examples (zh—ja)

Source: BRI E F R RBRAIGF

Nezha's child urine pouch is super strong
Slang Candidates: ["4% (=", "fEE L7 < pESE I
Target: RIEDEFR L = - EBERATZA S A

CRESTR","HFT"

& COfTILRIRES L ¢

Source: TMAME TR LB E IR SRKBRZRNMEZ RFRES %7 NRB —HHOTIRE-D

Uncut, fast-forward, immersive full process of making Snowflake Crisp. Today's evervone s favorite again: Oreo
Strawberry! Switched to a bigger pot — no problem making 9 pounds in one batch “¢
Slang Candidates: ["' 5 5 D—FEAR", "HALDFER","TIV—T DT A FIL" "HRABLOHEL T L —/8="]

Target: BREMBHOINESERMEY SR SHV B O TFER A LFREANY — RELMPICEZ T 1

Source: FEHEA L L TS EMHERREE

Slang Candidates: ["/) [
£9 EECE LA LT e

Countdown to Chinese New Year & A litile looking forward to this year s New Year's Eve dinner g
T LAICL T S SR, L &IZ " T A b 2
F7 0770

\Target: EHNT Y MR IS EOEH LRIEAE L £ > L L AC LT

Skl T

L o | 2|

(" Social Snippets Examples (zh—ja)

Source: XIF, IHARZHT
Target: T | FA, ELRERLAZ eV E ]

OMG, I'’ve never experienced that

Source: F;2 1 E AMGIEE I'm Chinese, lol
Target: FAISFREATY 2L

Source: FEZEZ Bt 5!
\Target: h—, KENTZLLTEL |

WOW, the teacher is so cute!

/

Figure 7: Examples from Fun Posts and Social Snippets (zh—ja). In Fun Posts, we highlight slang and neologisms
in blue. Target denotes the human-provided translation. Slang Candidates list alternative slang or neologism
choices other than the gold label one in the Target. English references are provided in ifalics.

vealing relative performance differences between
models, as its ranking trend closely aligns with
GEMBA-stars evaluations. Considering the sub-
stantially lower computational cost compared to
LLM-as-a-judge methods, we believe ES provides
a practical and efficient alternative for large-scale
evaluation.

A.6 Statistical Significance

We assess the top-two comparison within each
model tier using a paired bootstrap test (10,000
resamples at the segment level, two-sided), with
Holm correction applied within each metric. Ta-
ble 6 reports the resulting p-values on Fun Posts.
Two patterns emerge. First, significance is
language-dependent: Hunyuan-MT-7B is ahead of
GemmaX2-9B on zh— {ja, ko, ru} (p < 0.001) but
the two systems are statistically indistinguishable
on zh—{es, fr} (p = 0.41 and p = 0.98), so an
aggregate ranking would obscure a systematic split
across target languages. Second, and more conse-
quentially, significance is metric-dependent: GPT-
40 and GPT-5 cannot be separated under XCOMET
on any language pair, yet SSR separates them on
all five (p < 0.001). XCOMET measures general
adequacy while SSR targets social-media-specific
phenomena, and the two therefore differ in dis-
criminative power precisely on the phenomena

CSM-MTBench is designed to isolate. The reverse
case is equally informative: Hunyuan-MT-7B and
GemmaX2-9B are cleanly separated by XCOMET
on three pairs but by SSR on none, indicating that
dedicated MT models differ in general translation
quality without differing in their handling of social-
media conventions.

A.7 Automatic Metrics v.s. Human
Judgments

In this section, we compare automatic metrics, in-
cluding SSR (fuzzy matching), Embedding Similar-
ity (ES) and LLLM-as-a-judge to human judgments.

A.7.1 SSR (fuzzy matching)

The SSR is calculated using fuzzy matching with
a threshold of 0.8 (0-1), where scores >0.80 is
treated as a match (score=1) and <0.80 as non-
match (score=0). The threshold is chosen to tol-
erate minor surface variations such as tense dif-
ferences, pluralization, or small lexical changes,
which are common in translation outputs and
should not be penalized as incorrect. For example,
the Japanese translation for “Instagram” sometimes
becomes “ins” or “insta” in Japanese (both abbre-
viations are correct), but if the threshold is set to
100 (fuzzy match becomes exact match), the score
becomes O for this sample.
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Comparison zh—es zh—fr zh—ja zh—ko zh—ru
Panel A: XCOMET

GPT-4o0 vs. GPT-5 0.890 0.234 0.036 0.750 0.264

Hunyuan-MT-7B vs. GemmaX2-9B  0.406 0984 <0.001 <0.001 <0.001
DeepSeek-V3 vs. GPT-OSS-120B 0.846 0960 <0.001 0222  <0.001
Panel B: SSR

GPT-4o0 vs. GPT-5 <0.001 <0.001 <0.001 <0.001 <0.001
Hunyuan-MT-7B vs. GemmaX2-9B  0.984 0.352 0.306 0.132 0.934

DeepSeek-V3 vs. GPT-OSS-120B <0.001 <0.001 0.010 <0.001 <0.001

Table 6: Paired bootstrap p-values (10,000 resamples, two-sided) for the top-two ranked systems in each model tier
on the Fun Posts. Bold indicates significance at o = 0.05 after Holm correction within each panel (15 tests). Under
XCOMET, GPT-40 and GPT-5 are statistically indistinguishable on all five language pairs, whereas SSR separates

them on all five.

([ System Prompt N

Internet language (also known as online slang) refers to
expressions that originate from or are primarily used in online
communication. Such expressions often carry special meanings
within specific online contexts.
You are an expert in internet linguistics. You will be given a pair
of sentences in Chinese and another language; they are
translations of each other and may contain internet slang.
Your tasks are:
1. Identify any internet slang expressions in the Chinese
sentence (be strict—some sentences may contain no slang).
2. Locate the corresponding translation of each slang item in the
other-language sentence (simply identify it).
3. Provide several alternative reasonable translations for each
identified slang term, based on the translation and the context.
4. Output the final result in JSON format, containing the
following fields:
- slang (the original Chinese slang)
- slang trans (its translation)

\" slang_candidates (other possible translations of the slang) Yy,

( User Prompt \

LChinese: {source_Chinese_text}, {LANG}: {gold label} J

Figure 8: Slang-translation pair detection and slang
candidates generation prompt.

To assess the reliability of this criterion, we man-
ually inspect 1,000 randomly sampled instances
(500 matched and 500 unmatched). We observe a
small number of false positives. In several cases,
models copy the source sentence instead of trans-
lating it, artificially increasing lexical overlap (e.g.,
leaving “TikTok™” untranslated). In other cases,
slang expressions are left untranslated, particularly
in zh—ja, where shared logographic characters be-
tween Chinese and Japanese may make untrans-
lated Chinese slang appear superficially plausible.
We also find instances where grammatically incor-
rect or partially translated outputs were still scored
as matches by fuzzy matching.

We also observe a small number of false nega-
tives, where the model produce semantically cor-

rect alternatives that fall below the similarity thresh-
old. Some of these cases are due to limitations of
the candidate dictionary, which does not cover all
valid alternative expressions, while others result
from correct translations that differ substantially in
surface form from the reference candidates.

Importantly, common fuzzy-matching failure
cases such as word-order variation are rarely ob-
served. This is likely because our evaluation fo-
cuses on slang expressions and neologisms, which
typically function as lexical units rather than com-
positional phrases, making surface-form matching
relatively robust in this setting.

Overall, manual inspection indicates that ap-
proximately 4% of cases show discrepancies be-
tween fuzzy matching and human judgment. While
imperfect, this relatively low error rate suggests
that fuzzy matching provides a reasonably reliable
proxy for evaluating slang and neologism transla-
tion in our task.

A.7.2 Embedding Similarity (ES)

We conducted a human-correlation study to assess
the reliability of ES scores. We sample 500 in-
stances in Social Snippets across the five language
directions. Five annotators (one per language di-
rection) rated each translation on three dimensions:
style, emotion, and sentiment on a 1-5 Likert scale.
We report the Spearman correlation to see the rank
of ES scores and human judgments, which results
in p = 0.50, p < 0.001. For reference, neural met-
rics on related sentence-level evaluation tasks typi-
cally report correlations in a similar range (Freitag
et al., 2023). Given that style/emotion preservation
is a more subjective task than translation quality
assessment, our correlation suggests that ES pro-
vides a reasonable proxy for human judgment in
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Source: TMBMNFEILRRI EXBRETTE SRKIBZRRMNNALE BRARES H7THKRHE —HLITIREBE
Uncut, fast-forward, immersive full process of making Snowflake Crisp. Today s everyones favorite again: Oreo
Strawberry! Switched to a bigger pot — no problem making 9 pounds in one batch “¢

Direct: BIg% L. RE—FT7 v 7R, EORA —V AR A THRET 223 SHLMDOEINT v T
THHF VAR AN =TT, KELPICEF L. —BTCOTIENIDITHEH ) ZEAE
Z I N F v 7 (loved character), inaccurate slang translation.

T9,% 1) £ A are polite expression in Japanese, not needed here.

Reminder: §IBs7 L - AE—FT7 v 7iR. TORA—V & £5 THBT 2 L5 ISR, SELMRIBOEIN

FrI7THIZFIFZA AN —, KEAMICEEL. —BTIFHEND L&

The polite expressions are fixed.

Two-stage reasoning: BIBR 7 L - MR - SEARA A — V1) £i818 SBBIMELOYA — b F 05 [FUF -
2bhANY—] T | KELMWICEEL., —PBTIFBEND L7¢
R A —/ (desserts), not accurate as Snowflake Crisp.
Y 4 — bk F ¥ Z non-existing words in Japanese.
Few-shot: BARE - BEIR 1 Y /L REERRE X/ — 757 OFELIE SHLREbOEINT v 5,

FUFZ AR —, KELRPBICETEL, —BTIT LRI

R/ —7 77 (snow brown), not accurate as Snowflake Crisp.
The polite expressions are fixed.

Figure 9: Case study (Part 1) for Fun Posts. Different colors highlight translation issues in the model outputs.
Explanations are provided below the Japanese translation.

our evaluation setting.

A.7.3 LLM-as-a-judge

We further assess the reliability of LLM-based eval-
uation (GEMBA -stars) through manual verification.
Specifically, we randomly sample 500 translation
instances across the five language directions (100
per direction) and compare the scores assigned by
the LLM judge with human judgments. The evalua-
tion uses a 1-5 rating scale following the GEMBA-
stars protocol.

Overall, we observe a high level of consistency
between the LLM judge and human evaluation. In
most cases, the difference between the two ratings
is within one point on the 1-5 scale. The average
absolute score difference is 0.48, and only a small
portion of samples exhibit larger deviations.

We then manually inspect the cases with no-
ticeable discrepancies and find that they typically
arise when translations contain subtle stylistic dif-
ferences or model meets extremely short sentences
that are difficult to evaluate consistently. Despite
these occasional disagreements, the overall align-
ment suggests that the LLM-as-a-judge provides a
reasonably reliable approximation of human evalu-
ation for our task.
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Source: BEEHT MBS EERM

A big new launch/product is coming this year!
Direct: &% . F{EHNBHZL £7 |

#1E (new product), missing big/huge.

L & ¢ is polite expression in Japanese, not needed here.

Reminder: &4F. KEHNBHZL 9 & !

Accurate translation for a big new product, the polite expression is partially
addressed by &, a spoken word aligns with causal usage.
Two-stage reasoning: SEDHF{E. D WICEFL 7 !

DUV (finally), grammatically correct, but not expressed in the source sentence.
Few-shot: &%, AEMNLEFURIEHT 2L |

Perfect translation.

Source: AEFF, #HRXXXMig! !
If your features are pretty plain, you should definitely try this makeup look!!
Direct: AN EBHEFIE. TDAX A7 EH L THTLIZ0 ]
F % (five senses), inaccurate translation.
< 72 & Ly is polite expression in Japanese, not needed here.
Reminder: IRICTHR TEL WAL, ZDXA 72K L THED |
The polite expressions are fixed.
Two-stage reasoning: B0 /X — YV W EF T, TDAA 7&K L THATL o]
BED /X —"Y AV EJE T (facial features are ordinary), missing your, grammatically incorrect.
Few-shot: BED/S— YV HEFICEMN B WATH, TDOXA7EHKLTAHALSIE ! |

Perfect translation.

Figure 10: Case study (part 2) for Fun Posts.

Source: B3%7F, EEMR.
Followed, don 't disappoint us.
Direct: 53 H L £ L7zo ZEELITLABAWVWTLEE W,
yE B (attention), not accurate enough.
#EEK (waste), not accurate enough
Reminder: 53 B L £ L7z, EELICLAWTLAEE L,
No change compared to direct instruction.
Two-stage reasoning: B/ & FH F L7z, MELICLAWLTLZI U,
R, % &t (focus on you), better but not perfect.
Few-shot: 7 # A— L £ L7, EEAICLARWTLZE L,
Former part is perfect.

Original post as context: 7 # A — L & L7z | $ifFICEYI oL Tl
Perfect translation.

Source: [EME L R0 0e
Haha, of course ******
Direct: HH A A, [E[Eeese
TEME, not translated.
The order of two phrases is reversed.
Reminder: IEE, HHAH A
The order is fixed.
Two-stage reasoning: (E(L(E. HHAHA ==
Perfect translation.
Few-shot: (ZI1Z1F. HHHA

Perfect translation.
Original post as context: |X(ZIF, HHHA e

Perfect translation.

Source: KA ZET! ! !
OMG, that’s so cute!
Direct: X, HAHAETERWNT | ]
KT, not translated.
H A A & (feel frustrated), wrong translation
Reminder: KIff, H A HA TR ||
No change compared to direct instruction.
Two-stage reasoning: 1o—. 3¢ bLrv L 1]
Perfect translation.
Few-shot: R2(F Ly, ALy T
Perfect translation.
Original post as context: & d ., ML 1]
Perfect translation.

Source: "H! ! Jm! F! 8! R T
Mr.! Tian! 1! Miss! You!
Direct: 72\ | 55 [ HA b7l IBL LT/
Broken words in Japanese.
FH L L7z 0 | (want to think), grammatically incorrect.
Reminder: 72 I A5 T W I bl I HL L E9 ]
Almost no change compared to direct instruction.
Two-stage reasoning: B! 4! BEVHLTLEFWE LA !
BBV L T (think of you), close but imperfect
Few-shot: 7=A I A5 L I BHULLA |
Broken words in Japanese.
Original post as context: ! 4! #HLr/zL !
Perfect translation.

Figure 11: Case study for Social Snippets. Different colors highlight translation issues in the model outputs.
Explanations are provided below the Japanese translation.
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