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Abstract

LLM-as-judge is widely used for open-ended language model evaluation, but
judge models are themselves trained systems with their own language distribu-
tions, alignment preferences, and cultural priors. This project studies whether
LLM-as-judge evaluation is stable for Chinese open-ended tasks, and whether
judge-dependent variance increases as tasks become more culturally specific. We
constructed 27 author-designed Chinese prompts across three levels of cultural
specificity and evaluated responses from U.S.-origin and China-origin assistants’
using blind and labeled LLM judging. Within this author-designed prompt set,
16 especially difficult objective Chinese internet-culture subtasks were addition-
ally paired with author-verified answer keys. The main outcome is not which
model is “best,” but whether scores and rankings are robust to judge choice. We
treat LLM judges as noisy measurement instruments and analyze judge agree-
ment, ranking sensitivity, same-origin score differences, blind-vs-labeled effects,
ground-truth fidelity, and variance components.

1 Overview and Motivation

Open-ended LLM evaluation increasingly relies on other LLMs as judges, especially for
tasks without a single exact answer, such as writing, dialogue, cultural explanation, and
instruction following. However, a judge model is not a neutral oracle. Its score may reflect
answer quality, but it may also reflect judge-specific preferences, training distribution, rubric
interpretation, language context, or interaction with the answer model.

Chinese open-ended evaluation is a useful stress test for this problem because task quality
often depends on native expression, platform norms, and internet discourse. Some rele-
vant signals live in semi-closed, platform-specific ecosystems such as WeChat, Xiaohongshu,
Bilibili, and Zhihu, rather than in a single globally indexed open web. This creates a
measurement concern: different judges may assign different scores not because the answer
quality changed, but because their exposure to Chinese internet context differs. The goal is
not to assume that China-origin assistants understand Chinese contexts better, but to test
whether evaluation results depend on judge choice.

!Throughout this project, we use origin as a convenient shorthand for a coarse metadata proxy.
It does not refer to corporate registration jurisdiction, legal domicile, nationality, model language,
or intrinsic model capability. Instead, it summarizes public information about a model’s devel-
oper/product ecosystem, primary deployment context, target user base, language environment,
and alignment setting. The variable is useful only as it helps organize possible judge-dependent
measurement variation; it should not be interpreted causally.



Central question. Is LLM-as-judge evaluation culture-neutral for Chinese open-ended
tasks, or does cultural specificity amplify judge-dependent variance?

2 Related Work and Gap

LLM-as-judge methods are widely used to evaluate open-ended model outputs because they
are cheaper and more scalable than human evaluation. MT-Bench and Chatbot Arena
are representative examples of earlier work using strong LLMs and human preferences to
evaluate conversational models [Zheng et al., 2023, Chiang et al., 2024]. We cite them as
methodological background, not as benchmarks that contain or validate the later model
versions used in this project. Recent work also shows that LLM judges can suffer from reli-
ability issues, judge bias, position effects, verbosity preference, and other artifacts [Thakur
et al., 2024, Gu et al., 2024]. This motivates treating LLM judges as noisy measurement
instruments rather than ground-truth annotators.

Chinese LLM evaluation has also grown rapidly. C-Eval evaluates Chinese foundation mod-
els across academic subjects [Huang et al., 2023], CMMLU provides a Chinese multitask
language understanding benchmark [Li et al., 2024], and AlignBench evaluates Chinese
alignment using multi-dimensional LLM-as-judge protocols [Liu et al., 2024]. These works
establish useful background for Chinese-language evaluation, but this project does not treat
them as historical leaderboards for the specific 2026-era API models studied here. Less is
known about whether Chinese cultural specificity amplifies judge-dependent ranking insta-
bility across models from different broad origins. This project addresses that gap by varying
task cultural specificity and comparing blind versus labeled judging.

3 Methods

Task set. We constructed 27 author-designed Chinese prompts across three levels of cul-
tural specificity (10 prompts for Level 0, 10 prompts for Level 1, and 7 prompts for Level
2). The substantive prompt ideas were designed and checked by the author; AI assis-
tance was used only for formatting, organization, and wording polish. Within the broader
author-designed task set, the objective internet-culture subset required additional manual
curation: the author collected candidate items through public internet search and informal,
non-identifying online consultation, then wrote and checked explicit answer keys. While we
originally planned to construct exactly 10 prompts per level, Level 2 contains 7 prompts
because several Level 2 prompts are designed as multi-item evaluation tasks containing
multiple sub-questions or test cases (e.g., evaluating up to 10 internet slang items within
a single prompt, as shown in Appendix E). This allowed us to cover a wider breadth of
Chinese Internet Context items while maintaining a balanced total of 27 prompt blocks. To
make the classification intuitive, we highlight representative tasks for each level (with full
details provided in Appendix E):

e Level 0 (Culture-Neutral): Explanations, reasoning, information extraction, plan-
ning, or coding tasks that do not depend on region-specific or platform-specific knowl-
edge. A representative task asks the model to compare retrieval-augmented generation
(RAG) and instruction fine-tuning for reducing hallucination. Another requires imple-
menting a thread-safe sliding-window API rate limiter under memory constraints.

e Level 1 (Chinese Expression): Language-polishing and communication tasks
where the core construct is natural written expression in standard modern Chinese.
For example, one prompt presents a translationese-heavy sentence (“FK#%5 T — 1k
LA BRI B BEAEE R4 _7?) and requests a natural, idiomatic rewrit-
ing. Another task asks the model to draft a polite WeChat message requesting coffee
and career advice from a senior colleague.

HEBE T — AIFRIPL S KRR IR B REFEHE RIS B, wo béi géi le yT gé ji hdo de ji hui
qu zhdan shi wo de ji néng zdi zud tian de hui yi shang: “I was given an excellent opportunity to
show my skills in yesterday’s meeting.”



e Level 2 (Chinese Internet Context): Platform-specific internet subculture tasks
requiring familiarity with Chinese social media tones, slang, or ironic subtexts. One
task asks models to infer the non-literal meaning of comment-section phrases such as
“YEESSE” (Far Ahead®). Another asks models to write two openings on the same
topic, one recognizably suited to Zhihu (%1-*) and one to Xiaohongshu (/]N4LH5°),
without explicitly naming the platform style.

Models and evaluation matrix. We evaluated six open-ended models as candidates,
generating answers to all 27 prompts. The model set consists of three U.S.-origin assis-
tants (GPT-5.4, Claude-Sonnet-4.6, and Gemini-3-flash-preview) and three China-origin as-
sistants (Qwen-3.7-max, DeepSeek-v4-pro, and GLM-5.1). To measure inter-rater reliability
and origin-dependent rankings, the exact same six models were used as judges.

Each candidate response was evaluated under two judging conditions:

e Blind mode: The judge model evaluates the prompt and response without any can-
didate brand identity or origin metadata.

e Labeled mode: The judge model is explicitly shown the candidate’s model name,
developer name, and origin category.

Each judge scored the responses on a scale of 1 to 10 across six dimensions: correctness,
helpfulness, reasoning, Chinese naturalness, cultural fit, and overall quality. In total, the
planned evaluation matrix comprises 27 prompts x 6 candidate models x 6 judge models x
2 modes = 1,944 individual judgments.

Measurement model formulation. Following classical measurement theory, we treat
the observed score sp 4 jm,a assigned to prompt p, candidate a, by judge j in mode m
on rubric dimension d as a combination of latent candidate quality 0,44, judge sever-
ity/leniency 7;,4, and interaction/noise effects. To isolate the specific impact of shared
geographic/cultural origin, we define:

T 1 if cand%date a and judge j belong to the same regional origin group,
o 0 otherwise.

To control for potential confounding variables (such as an answer model being inherently

superior or a judge being systematically lenient), we estimate the same-origin effect using

an Ordinary Least Squares (OLS) fixed-effect regression model:

Spajym,d = Bo + B - same_origin, ; +7p +0a +0; + Am + €

where 7, dq, 05, and A, represent categorical fixed effects for the prompt, candidate model,
judge model, and judging mode, respectively. The coefficient 3; represents the adjusted
same-origin effect, capturing the net score difference attributable solely to shared origin.

To gain statistical intuition for 3;, consider a simplified model with only origin-level effects.
Let 57,,14n, Aorigin denote the average score assigned by judges from origin Jorigin € {US, CN}

to candidate models from origin Agrigin € {US,CN}. Under a balanced design, the OLS
coefficient £, is mathematically equivalent to:

1

gl
This reveals that 31 is the average of two relative preference terms: (1) how much Chinese
judges prefer Chinese models over U.S. models (5cn,cn — Son,us), and (2) how much U.S.

judges prefer U.S. models over Chinese models (5us,us — Sus,cn). This controls for both
general candidate quality and judge leniency.

pr=

(S5cn,en — Sen,us) + (5us,us — Sus,cn)]

SSERELHSE”, ydoydo lingzian: “Far Ahead”, a popular phrase that can be literal praise or ironic
meme usage depending on context.

YH15F-, Zhiha: a Chinese question-answering and discussion platform.

5N A3, widohdngsha: Little Red Book, a popular lifestyle sharing and social platform in China.



4 Results

Data Collection and Descriptive Statistics. We executed 162 candidate answer gen-
eration queries (6 models x 27 prompts). The planned judging matrix contained 1,944
scoring slots (162 answers x 6 judges X 2 modes), and the final SQLite database retained
1,935 unique completed judgment combinations. The nine missing slots were left as missing
rather than imputed. They were mainly caused by provider-side keyword and content-safety
review in China-origin model routes on Chinese Internet Context prompts. A representative
example is Prompt 27, where one item contains the phrase “Fk 25T % H E.[”; the token
“Zk3))” appeared to trigger keyword review for some Chinese Al routes, causing the API call
to return no usable rubric JSON. All quantitative results below therefore use the SQLite
database as the source of truth and analyze the available completed judgments.

The global average overall score assigned across all completed evaluations is 8.39 out of 10.
Under blind judging conditions, the general performance levels vary significantly by model.
In terms of average overall score across all judges and prompts, GPT-5.4 ranked highest with
a blind-mode mean of 9.19, followed by Gemini-3 (8.97). Qwen-3.7-max and GLM-5.1 were
tied at 8.39, followed by Claude-Sonnet-4.6 (7.89) and DeepSeek-v4-pro (7.49). This basic
ranking serves as our baseline descriptive performance indicator before analyzing inter-judge
reliability and bias. Table 1 provides the detailed comparison of model rankings and mean
scores between the blind and labeled modes, showing the individual model-level shifts.

Table 1: Model performance comparison under blind vs. labeled judging modes (mean
overall scores).

Model Name Blind Mode Mean Labeled Mode Mean Delta (Ajapel)
openai/gpt-5.4 9.19 9.14 —0.05
google/gemini-3-flash-preview 8.97 8.99 +0.02
z-ai/glm-5.1 8.39 8.53 +0.14
qwen/qwen3.7-max 8.39 8.42 +0.03
anthropic/claude-sonnet-4.6 7.89 7.80 —0.09
deepseek /deepseek-v4-pro 7.49 7.48 —0.02

Inter-Judge Reliability (ICC). We assess the consistency of the judge models using
the Intraclass Correlation Coefficient (ICC(3,1)) under the two-way mixed-effects model.
Table 2 reports ICC after pooling blind and labeled judgments within each task level: 0.62
on Level 0, 0.55 on Level 1, and 0.60 on Level 2. Splitting by mode shows a similar but not
identical pattern. In blind mode, inter-judge agreement is 0.63 on Level 0, 0.52 on Level 1,
and 0.63 on Level 2. In labeled mode, the corresponding ICCs are 0.62, 0.58, and 0.59. Thus
agreement does not decline monotonically with cultural specificity, but judge consistency is
clearly sensitive to task type and label disclosure, especially for expression-level and Chinese
Internet Context prompts.

Table 2: Measurement summary by task level.
Metric Lo L1 L2
ICC (pooled) 0.62 0.55 0.60

Adjusted same-origin  4+0.12 —0.12 +0.03
Raw same-origin gap +0.12 —0.12 +0.05

Note. LO = neutral tasks; L1 = Chinese expression tasks; 1.2 = Chinese Internet Context tasks.
ICC is pooled across blind and labeled judgments.

Same-Origin Bias and Label Effects. We compute the raw and adjusted same-origin
score differences to identify preference patterns. As shown in Table 2, the adjusted same-
origin effect 51 over both judging modes is +0.12 for Level 0, —0.12 for Level 1, and +0.03
for Level 2. These values are small and mixed, so the main result is not a simple same-origin
favoritism story. Instead, shared origin effects depend on the task level and on whether the
candidate identity is hidden or revealed.



The mode-specific estimates show the labeling mechanism more clearly. In blind mode, the
adjusted same-origin effect is +0.02 on Level 0, —0.12 on Level 1, and —0.08 on Level 2. In
labeled mode, it becomes +0.21, —0.12, and +0.14, respectively. The global labeled-minus-
blind average is only +0.016 points, but labels still redistribute scores across model-origin
pairings. In particular, Level 2 moves from a small blind same-origin penalty to a positive
labeled same-origin coefficient.

The Level 2 origin means illustrate this shift. In blind mode, China-origin judges score
China-origin candidates at 7.32 and U.S.-origin candidates at 8.36, while U.S.-origin judges
score China-origin candidates at 6.83 and U.S.-origin candidates at 7.75. This yields a small
negative same-origin contrast. In labeled mode, the same comparison shifts to 7.46 versus
8.24 for China-origin judges and 6.59 versus 7.65 for U.S.-origin judges, producing a positive
same-origin contrast after controls. To visualize the detailed pairwise preferences between
judge models and candidate models, Table 3 displays the full candidate-by-judge average
rating matrix under blind judging.

Table 3: Blind mode mean overall score matrix (Rows: Candidate Models, Columns: Judge
Models).

Candidate / Judge GPT-5.4 Claude-4.6 Gemini-3 Qwen-3.7 DeepSeek-v4 GLM-5.1

GPT-5.4 8.56 8.81 9.52 9.15 9.56 9.58
Claude-4.6 7.52 8.73 7.67 6.88 8.63 7.89
Gemini-3 7.85 8.70 9.85 8.70 9.22 9.48
Qwen-3.7 7.52 8.70 8.63 8.42 8.67 8.41
DeepSeek-v4 7.00 8.48 7.67 6.30 8.59 6.88
GLM-5.1 7.52 8.52 8.26 8.38 8.89 8.78

Note. Cell values are rounded judge-specific means. Table 1 is computed directly from all
available judgment rows, so it should not be recomputed from the rounded cells in this matrix.

Identity Bias Shift. Comparing matching prompt-candidate-judge triples between la-
beled and blind modes, we measure the overall brand identity shift Ajapel = Siabeled — Sblind-
Across all evaluations, revealing model identity resulted in a small average overall score
shift of 4+0.016 points. This implies that while the average global score is relatively stable,
the revelation of names redistributes scores across specific developer ecosystems rather than
creating a large uniform score inflation.

Variance Decomposition. To partition the sources of score variation, we approximate
a fixed-effect Analysis of Variance (ANOVA) decomposition. As summarized in Table 4,
across all data combined, the largest portion of explainable variance is attributed to the
Task Prompt Construct (29.5%), while the candidate model accounts for 7.5% and the
judge model explains 4.5%.

When we partition the variance decomposition by task specificity level, the same general
pattern appears with important differences across levels:

o Level 0 (Neutral): The Candidate Answer Model explains 15.5% of the total score
variance, while the Judge Model accounts for only 2.8%. This indicates that for culture-
neutral tasks, candidate differences are more visible than judge-specific differences.

o Level 1 (Expression): The Candidate Model’s share drops to 6.0%, while the Judge
Model’s share increases to 7.0%, reflecting growing subjectivity in evaluating Chinese
linguistic naturalness.

e Level 2 (Chinese Internet Context): The Judge Model’s share remains high at
7.5%, while the specific Task Prompt Construct explains 38.1% of the variance.

This decomposition suggests that Chinese Internet Context evaluation is strongly shaped by
the prompt itself and by judge-specific measurement behavior. The residual variance com-
ponents remain high across all levels, pointing to substantial interactions between candidate
models, judge models, and task specificity.



Table 4: Generalizability Theory (G-Theory) observed score variance attribution decompo-
sition.

Measurement Design Facet Variance Proportion (%)

Candidate Answer Model 7.5%
Evaluation Judge Instrument 4.5%
Task Prompt Construct 29.5%
Blinding / Labeled Condition 0.0%
Residuals / Interactions 58.5%

Fidelity on Objective Subtasks. To establish the construct validity of the judge models,
we evaluated their ratings against standard ground-truth answers on three Level 2 objective
subtasks (Prompts 21, 22, and 27, containing 16 factual sub-questions about Chinese internet
slang and homophones).

On these subtasks, candidate model accuracy varied widely, as shown in Table 5. Gemini-3
and Qwen-3.7-max tied for the best performance, each answering 9 of the 16 keyed sub-
questions correctly (56.25%). However, the absolute accuracy was low across the entire
model set: no model exceeded 60%, and all six models failed all three source-identification
items in Prompt 22. This supports the qualitative observation that these Chinese internet-
culture items are difficult for current models, even when some models perform better than
others.

Table 5: Candidate model accuracy on the 16 keyed Level 2 objective subtasks.

Candidate Model Correct / 16 Accuracy
google/gemini-3-flash-preview 9 56.25%
qwen/qwen3.7-max 9 56.25%
deepseek /deepseek-v4-pro 7 43.75%
anthropic/claude-sonnet-4.6 6 37.50%
z-ai/glm-5.1 3 18.75%
openai/gpt-5.4 2 12.50%

More importantly, as shown in Table 6, the judge models exhibited massive variations
in their ability to detect incorrect answers (evaluation fidelity) in blind mode. Claude-
Sonnet-4.6 was the most reliable judge, exhibiting a 0.63 correlation with the ground-truth
accuracy and a 0.0% False Positive Rate (never awarding a score > 7 to a wrong answer). In
contrast, DeepSeek-v4-pro exhibited a very high False Positive Rate of 66.7% (scoring 7.86
on average for wrong answers), indicating high leniency and a failure to identify cultural
factual errors. This demonstrates that LLM judges differ not only in their biases, but also
in their fundamental capability to validly measure regional cultural constructs.

Table 6: LLM Judge evaluation validity (fidelity) on Level 2 objective subtasks (Blind
Mode).

Judge Corr. FPR Score if Correct Score if Wrong
Claude-4.6 0.63 0.0% 7.50 4.88
DeepSeek-v4 0.16 66.7% 9.00 7.86
Gemini-3 0.52 22.2% 7.50 4.57
GPT-5.4 0.15 11.1% 4.00 3.43
Qwen-3.7 0.07 25.0% 2.50 4.29
GLM-5.1 0.15 37.5% 7.00 5.43

5 Discussion

The results are more mixed than a simple origin-based hypothesis would predict. We do not
find that China-origin models are systematically stronger on Chinese Internet Context tasks,



nor do we find a stable pattern in which judges favor same-origin candidates. Inter-judge
agreement also does not decline monotonically from Level 0 to Level 2. In this dataset,
model origin is therefore a weak proxy for performance on Chinese Internet Context tasks
or for judging bias.

The more robust finding is measurement instability. Judge choice still matters, prompt
identity explains a large share of score variation, and revealing candidate identity changes
some model-origin pairings even though the average labeled-minus-blind shift is small. This
suggests that blinding is still useful, but not because LLM judges mechanically favor models
from the same broad origin group. Rather, model identity and judge identity interact in
local, task-dependent ways that are not well captured by a binary U.S.-versus-China label.

The keyed objective subset sharpens this point. These items were the most manually curated
part of the broader author-designed prompt set, and they were difficult for all candidate
models: even the best candidates answered only 9 of 16 items correctly. Gemini-3 and Qwen-
3.7-max tied as candidates, while Claude-Sonnet-4.6 and Gemini-3 were the strongest judges
against ground truth. Candidate knowledge and judge fidelity are therefore related but not
identical constructs. The model that answers cultural questions well is not necessarily the
model that best measures whether other answers are correct.

Limitations. Several limitations constrain our findings:

e Coarse origin labels. Model origin is a manually assigned metadata category. It
aggregates developer location, primary user base, and deployment ecosystem, but it
does not isolate specific causal factors.

¢ Unequal latent capability. The evaluated models are not necessarily comparable in
latent capability. Their parameter counts, training-data scale, post-training methods,
inference-time compute, system prompts, context handling, API routing, and safety
filters are mostly proprietary or only partially observable. Some models may there-
fore differ by capability tier rather than by origin alone, so origin comparisons are
confounded with model scale and deployment design.

e Small task set. The task set consists of 27 prompts, which is relatively small. A
larger prompt bank is required to confirm generalizability.

o Single decoding setting. Evaluations were conducted using a single default temper-
ature setting, and variations in decoding parameters could affect both output quality
and judge reliability.

e Truncated candidate answers. API generation token constraints led to prema-
ture answer truncation for several candidates (e.g., Claude-Sonnet-4.6 and GLM-5.1).
Judges systematically and heavily penalized incomplete outputs, frequently awarding
minimum correctness and overall scores (e.g., overall ratings of 1-3). This introduces
construct-irrelevant measurement error, as candidates are penalized for length-limit
cutoffs rather than their actual competence.

e Missing judgment cells. Nine planned judgment cells were missing from the final
database. These missing cells were not randomly distributed: they occurred primarily
around China-origin judging routes and Chinese Internet Context prompts, where
phrases such as “Z5:3))” appeared to activate keyword-sensitive safety filtering. We treat
this as part of the practical measurement environment rather than silently filling the
missing values, but it means the final matrix is nearly complete rather than perfectly
balanced.

6 Conclusion and Future Work

This project conducted a reliability audit of LLM judges on Chinese open-ended tasks un-
der varying levels of cultural specificity. The results do not support a simple cultural-origin
advantage hypothesis: China-origin models were not systematically better on Chinese In-
ternet Context tasks, judges did not consistently favor same-origin candidates, and judge



agreement did not track task level in a simple linear way. The main contribution is instead a
cautionary one: LLM-as-judge evaluation is noisy, judge-dependent, and difficult to explain
with coarse model-origin labels.

Future work should expand this measurement framework to larger and more capability-
matched model suites, explore human-LLM agreement on the same specificity scales, and
develop statistical calibration techniques for judge-specific measurement variation without
assuming that origin alone explains the effect.
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B Plagiarism, Bias, and Inaccuracy Statement

To reduce plagiarism risk, I will cite all papers, datasets, benchmarks, and codebases that
influenced the project, including LLM-as-judge, Chatbot Arena, Chinese LLM benchmarks,
and any starter code or external packages used in the implementation. I will not present
Al-generated text as a substitute for scholarly attribution: if an idea comes from prior
work, I will cite the original source rather than crediting the chatbot. To reduce the risk of
textual plagiarism, I will use Al-generated drafts only as editable scaffolding and will revise
the final writing in my own words. To reduce bias and inaccuracy, I treat model origin
only as a coarse metadata proxy for development and deployment context, not as a causal,
national, legal, linguistic, or intrinsic capability category. I will avoid claims that one origin
group is inherently better. Any observed same-origin score difference will be interpreted
descriptively as evidence about judge-dependent measurement variation, not as evidence of
intrinsic model ability.

C AI Use Reflection

I used generative Al tools as learning, programming, and writing-support tools while de-
veloping this project. I used them to refine the measurement framing, compare alternative
experimental designs, clarify unfamiliar statistical concepts such as judge agreement, in-
teraction effects, and mixed-effects models, and translate vague project ideas into a more
concrete pre-analysis plan. The substantive Chinese prompt set and the objective answer
keys were designed and checked by me; Al assistance was used to standardize formatting,
improve wording clarity, draft code structure, debug LaTeX errors, and improve the organi-
zation of my writing. These tools affected my learning by making the iteration cycle faster:
when I was uncertain about a concept, I could ask follow-up questions, test whether I un-
derstood the idea, and then revise the project design. However, I did not treat Al output as
authoritative. I checked claims against papers, course materials, and my own understanding,
and I edited the final text myself. In the future, I think AI tools can be valuable as inter-
active tutors and research assistants, but students should remain responsible for scientific
judgment, attribution, and interpretation.

D Impact Statement

This project studies how LLM-as-judge evaluation may vary across language, culture, plat-
form context, and model origin. A positive impact is that it can make Al evaluation more
cautious: instead of treating a single judge model as a neutral oracle, evaluators may mea-
sure judge agreement, ranking sensitivity, and cultural-context dependence before making
leaderboard claims. A possible risk is that results could be misused to make broad claims
about national, cultural, or organizational superiority among models. I mitigate this by
framing origin as a confounded proxy and avoiding causal interpretations. Another risk is
that platform-specific cultural examples could stereotype Chinese internet communities or
overfit to narrow subcultures. I mitigate this by using controlled prompt templates, avoiding
scraped user comments, and analyzing disagreement rather than asserting one ground truth.
The project uses API calls and small-scale generated data, so environmental impact should
be limited. Because the study does not involve human participants or private user data, the
main ethical obligations are careful attribution, responsible framing, and transparent data
handling.

E Representative Prompt Details

This appendix provides representative prompt excerpts and contextual descriptions across
the three levels of Chinese cultural specificity used in this study.

E.1 Level 0: Culture-Neutral Tasks

The following prompt evaluates technical explanation and system-design reasoning, indepen-
dent of regional cultural knowledge:



Prompt excerpt: ARG FEAZEM h RGN (RAG)” 5 “4F
A% (Instruction Fine-tuning)” YEf#RAEAIZ]% (Hallucination) |78 _F/Y
AFHERPLGIZE S HAh, AR R TR EAL P RETE R E R sh S %l
VR, 75 RGeS 2 T8 Y Al AU A4 & X P e AR ?

Translation: Please explain the essential mechanism-level difference between
retrieval-augmented generation (RAG) and instruction fine-tuning in addressing
hallucination. If a system must handle a dynamic expert knowledge base that
updates every day, how should these two techniques be balanced and combined
at the system-architecture level?

The following coding task tests implementation and complexity reasoning, which are culture-
neutral:

Prompt excerpt: it ffi | Python SL—ET “WahbfE % 0 (Sliding Time
Window)” 531 APT [Rji#% (Rate Limiter) K. SORMBES AL BRI 435
SPRERRBR LI, WA G R ATRE/, A SR B A il — s
EENESREN

Translation: Please implement a Python API rate limiter based on the sliding
time-window algorithm. It must handle thread safety under high concurrency,
minimize memory use, and avoid storing every individual request timestamp in
a list.

E.2 Level 1: Chinese Language and Expression Tasks

The following prompt measures natural translationese editing, requiring standard grammat-
ical fluency:

Prompt content: VAN ie—AJ LA #1EE (Translationese) A) ¥, HHHES
HER. HEEMARDGERR: s T — MRS L R B R
PN o

Translation: The following is a typical translationese sentence, please rewrite it
into natural, idiomatic modern Chinese: “I was given an excellent opportunity
to show my skills in yesterday’s meeting.”

The following prompt tests polite written Chinese business communication standards:

Prompt content: ARJ& TR 2F AR 23 B — A0 9% TR H 3 DB I HE 5 O & e
. HUE AL B EARARTTHBE R REE .

Translation: You would like to invite a senior colleague at your company for
coffee this Friday afternoon to ask for career development advice. Please write
a WeChat inquiry message that is polite, sincere, and confident but respectful.

E.3 Level 2: Chinese Internet Context Tasks

The following prompt requires understanding of Chinese comment-section memes and prag-
matic subtext:

Prompt excerpt: {EF CHIKM ALK, N HEIXLEHEIE ] BEFF A e T T
B HAWEEE Kb FARRREE . o rHEHER e R Al
M RGO, R AARIESE . IERNE AT A FE TN B. EEJUL C.
PR ARIE D. A g

Translation: In Chinese internet comment sections, the following phrases may
not mean their literal surface meanings. Please infer what the commenter actu-
ally intends to express, excluding cases where the phrase is merely copied as a
meme, and explain the concrete context, tone, and subtext.

The following prompt tests platform-sensitive tone differences between Zhihu and Xiaohong-
shu:
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Prompt excerpt: T —A NIRATIHPEEIIMEA? HAH5: 1. —PHIF
BRI 20 —A/NMIRZICHTF L. ZREA 80 FIAN, FEEHEHL “Hl
FRAESE e BN B RAR 7, IR A AR BB E ER .

Translation: Topic: What should someone do when feeling lonely while traveling
alone? Please write two short openings: one for a Zhihu answer and one for a
Xiaohongshu note. Each should be under 80 Chinese characters, and the text
should make the platform difference recognizable without explicitly naming the

style.

E.4 Representative Objective Internet-Culture Items

Prompts 21, 22, and 27 contain 16 objective subtasks with explicit answer keys.

These

items were the most manually curated portion of the broader author-designed prompt set:
the author collected and filtered them after checking public Chinese internet materials and
consulting informally with people familiar with online meme culture. The table below lists
representative examples; the quantitative ground-truth analysis used all 16 subtasks.

Table 7: Representative items from the 16 objective internet-culture subtasks.

Item Construct Expected answer or context

X ERAEERE? Phrase completion “JK,” associated with the Liu Huagiang
watermelon-buying scene from Congquer.

Taew _ BEAT. Phrase completion “Bjj,” associated with Ma Baoguo-style
martial-arts meme discourse.

“TRIIIIE” Source identification A phonetic localization of the English

R Rt R
AT

Source identification

Phonetic  mishearing
source

meme phrase “what the dog doing.”

A Taobao review/comment meme context
rather than a literal self-description.
Naruto, associated with Pain/Nagato and
Chinese phonetic mishearing of Japanese
dialogue.

“TiFLE£” Phonetic  mishearing  JoJo’s Bizarre Adventure, associated with
source DIO’s “The World.”
“Fegrrhk 5B Phonetic  mishearing A foreign viral video commonly circulated

source

in Chinese meme contexts as a computer-
smashing child clip.
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