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Abstract

Current evaluations often treat Chinese vari-
eties as monolithic, obscuring failures for re-
gional users. We introduce RegioZH, a 2,607-
item multiple-choice benchmark for regional
lexical reasoning across Mainland China, Tai-
wan, Hong Kong, Singapore, and Malaysia.
Built by region-specific annotators and expert-
validated, it targets localized idioms, slang,
code-mixing, politeness conventions, and so-
ciocultural expressions. Zero-shot results on
eleven LLMs show large disparities, including
a 29.4-point average accuracy gap between Tai-
wan and Singapore. Persona and structured
chain-of-thought prompts for five models yield
selective gains, suggesting that some errors
stem from retrieval or framing rather than only
missing knowledge. Representation, attention,
calibration, and surface-feature analyses show
a dissociation between marker attention and se-
mantic grounding, overconfident forced-choice
errors, and localized lexical density as a con-
sistent difficulty predictor. Qualitative analy-
sis finds terminology misunderstandings, so-
ciocultural inference gaps, and cross-regional
semantic divergence. RegioZH demonstrates
that apparent Chinese proficiency can mask un-
even understanding across regional varieties,
motivating intra-language robustness evalua-
tion alongside multilingual generalization.

Dataset: https://github.com/
Social-AI-Studio/RegioZH

1 Introduction

Large language models are routinely described as
supporting Chinese, yet this framing obscures a
fundamental heterogeneity. Chinese is instanti-
ated across regional varieties whose lexical invento-
ries, institutional conventions, and contact-induced
written features diverge in ways consequential for
real users (Grieve et al., 2025). Speakers across
Chinese-speaking regions routinely employ region-
specific expressions that are natural within their

local communities but opaque to outsiders. Robust
Chinese understanding therefore demands more
than proficiency in standardized Mandarin; it re-
quires reasoning over region-sensitive lexical and
sociocultural cues.

This challenge exemplifies a broader problem in
intra-language robustness (Hofmann et al., 2024;
Sap et al., 2019; Grandury et al., 2025). Prior
work has documented isolated disparities in Chi-
nese (Lyu et al., 2025; Chen et al., 2024; Jiang
et al., 2025; Cheng et al., 2025), yet leaves unclear
whether models can use localized lexical cues for
region-appropriate inference. Chinese is a uniquely
informative testbed because script differences, re-
gional lexical and institutional conventions, and
code-switching patterns (Huzaifah et al., 2024) co-
exist within one linguistic space, enabling the si-
multaneous diagnosis of failure mechanisms that
aggregate evaluations typically mask.

To address this gap, we introduce REGIOZH
(Fig. 1), a 2,607-item benchmark for regional lexi-
cal reasoning in Chinese covering Mainland China,
Taiwan, Hong Kong, Singapore, and Malaysia.
Each region-labeled multiple-choice item asks
models to select the interpretation licensed by lo-
calized cues, including idioms, politeness conven-
tions, and sociocultural expressions. This format
tests whether models map localized forms to region-
appropriate meanings rather than standard Chinese
proficiency. Items are authored by region-specific
annotators and validated by Chinese linguistics ex-
perts. In zero-shot evaluation of 11 representative
LLMs, we observe a near 30-point accuracy dis-
parity between the highest- and lowest-performing
regions, indicating that nominal Chinese capability
can mask substantial internal unevenness.

The benchmark also enables us to probe a sec-
ond technical gap: aggregate errors do not reveal
whether regional failures reflect missing knowl-
edge, poor elicitation, or miscalibrated interpre-
tation. Through persona and structured chain-of-
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Figure 1: Evaluation framework overview: data creation pipeline, dataset samples, and evaluation dimensions.

thought prompting (Wei et al., 2022), we find that
some region-specific knowledge can be latent but
unreliably activated under standard settings. This
corroborates recent findings that reasoning trajec-
tories significantly modulate multilingual factual
reasoning performance (Weihua et al., 2026). We
further apply representation geometry, attention at-
tribution, forced-choice calibration, and surface-
feature regression as complementary diagnostic
lenses. These analyses suggest that evaluated
LLMs often attend to localized markers without
grounding them in region-appropriate meanings,
while exhibiting high confidence in erroneous re-
gional interpretations.

We summarize our contributions as follows:

• Native-authored regional benchmark. We in-
troduce REGIOZH, a five-region dataset designed
to diagnose regional lexical reasoning in LLMs.

• Knowledge elicitation diagnosis. Prompt gains
suggest that regional knowledge is partly latent,
with performance gaps reflecting elicitation fail-
ures rather than absolute deficits.

• Four-lens diagnostic analysis. We provide di-
agnostic evidence of grounding and calibration
breakdowns, with localized lexical count as a
salient difficulty predictor.

• Fine-grained error typology. We identify termi-
nology misunderstanding, semantic divergence,
and sociocultural inference as core bottlenecks.

2 Related Work

Chinese and Sinophone LLM evaluation. Exist-
ing Chinese evaluation benchmarks have made sub-
stantial contributions to assessing general-purpose
language understanding and disciplinary reason-
ing. General-purpose Chinese evaluation bench-
marks (Huang et al., 2023; Li et al., 2024; Zhong
et al., 2024; Zhang et al., 2023) treat Chinese as
a linguistically unified target, providing limited
coverage of regional lexical and sociocultural vari-
ation. Recent efforts have begun addressing spe-
cific Chinese varieties: TMLU (Chen et al., 2024)
and TMMLU+ (Tam et al., 2024) reveal systematic
disparities in Taiwanese Mandarin understanding,
Lyu et al. (2025) demonstrated task-dependent bi-
ases between Simplified and Traditional Chinese
regional terms, and HKCanto-Eval (Cheng et al.,
2025) and Yue-Benchmark (Jiang et al., 2025) ex-
pose persistent gaps in Cantonese linguistic and cul-
tural comprehension. These studies establish that
"Chinese-capable" LLMs do not perform uniformly
across varieties, yet each focuses on a single region
or binary script contrast. Our work addresses this
gap by constructing a unified benchmark spanning
five regional varieties and diagnosing failure mech-
anisms that operate across them simultaneously.

Intra-language robustness. Multilingual align-
ment work targets inter-language gaps through
cross-lingual mapping objectives and alignment
metrics (Zheng et al., 2026c, 2025a). Intra-
language variation is nominally one language, so
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its alignment failures remain invisible in aggregate
multilingual evaluation. Studies on AAVE (Blod-
gett et al., 2016; Sap et al., 2019) and ReDial (Lin
et al., 2025) demonstrate that dialectal surface vari-
ation induces performance drops exceeding 10%
across GPT, Claude, and Llama model families,
even under chain-of-thought prompting, suggest-
ing a gap between knowledge storage and reliable
knowledge retrieval (Yu et al., 2026a). Similar find-
ings hold for Spanish regional varieties (Grandury
et al., 2025). Unlike ReDial and related work,
which test robustness to dialectal rewrites of exist-
ing tasks, our benchmark is built around naturally
occurring region-specific lexical items curated by
native annotators, targeting regional lexical reason-
ing rather than semantic-preserving surface robust-
ness. Additional related work is discussed in A.

3 Dataset Construction

As shown in Figure 1, RegioZH was built through
a protocol-guided design–creation–review pipeline.
The task is multi-select multiple-choice regional
lexical/semantic interpretation in written Chinese:
given a conversational scenario with a region-
specific expression, the model judges candidate
responses based on contextual regional understand-
ing. Focus groups with linguistics experts and re-
gional annotators defined the semantic domains and
question types. Each item contains a Chinese stem,
a target region, answer options with one or more
gold answers, domain/question-type annotations,
and a validation rationale. Accuracy uses exact set
match over selected options; explanations, when
elicited, are analyzed separately.

Regional annotators created items using the
shared taxonomy and checked local sources for
region-specific meanings, usage contexts, and so-
ciocultural assumptions. Items cover locale-bound
idioms, code-mixing, politeness norms, institu-
tional references, and culturally specific expres-
sions across Mainland China, Taiwan, Hong Kong,
Singapore, and Malaysia. We initially targeted
∼550 items per region. Three Chinese-linguistics
experts independently reviewed each candidate
item for target-phenomenon fit and answer-key
unambiguity. For Fleiss’ κ, the rated unit was
the candidate item and the label space was the
pre-adjudication validation decision: retain, re-
vise, or remove, yielding substantial agreement
(Fleiss’ κ = 0.762). Disagreements were adjudi-
cated through expert discussion, and only validated

or revised-and-validated items were retained.
The final dataset contains 2,607 validated

multiple-choice items. This process is intended to
mitigate single-contributor bias and improve cover-
age, while RegioZH remains a diagnostic sample
rather than an exhaustive account of within-region
variation or overall Chinese proficiency. Further
details are provided in B.

4 Experiment Setup

We evaluate 11 LLMs on RegioZH, grouping them
by publicly stated regional or language focus rather
than unverifiable corpus coverage: Chinese-centric
models (ERNIE-4.5-21B, Qwen3-30B, DeepSeek-
V3.1, GLM-4-32B, Baichuan-M2-32B), South-
east Asia–oriented models (SEA-LION-v4-27B,
SeaLLMs-v3-7B), and global general-purpose
models developed outside the Chinese ecosystem
(GPT-5.1, Llama-3.1-8B, Gemma-7B, Ministral-
3-14B). This descriptive grouping supports com-
parison across stated regional priors for localized
Chinese lexical interpretation.

We report zero-shot accuracy for all mod-
els. Persona and structured chain-of-thought
(CoT) prompts are additionally run on five mod-
els spanning the zero-shot performance range
(DeepSeek-V3.1, GPT-5.1, Qwen3-30B, Llama-
3.1-8B, Ministral-3-14B), testing whether perfor-
mance changes when an expert role is specified or
regional cues are made explicit, without treating
such changes as evidence of training-data coverage.
Full implementation details are in Appendix C.2;
model usage is summarized in C.1.

5 Experimental Results

5.1 Zero-Shot Disparities across Regional
Chinese Varieties

Tab. 1 shows substantial cross-regional disparities
on RegioZH, indicating that region-licensed inter-
pretation of localized Chinese expressions is not
captured by a single aggregate Chinese score. Av-
eraged across models, Taiwan leads at 60.9%, fol-
lowed by Mainland China (58.1%) and Malaysia
(54.2%), while Hong Kong (39.4%) and Singa-
pore (31.5%) lag behind. The 29.4-point Taiwan–
Singapore gap shows that region-sensitive interpre-
tation remains uneven under zero-shot prompting.

This unevenness appears across model ecosys-
tems. Chinese-centric models perform strongest
overall, with DeepSeek topping three of five re-
gions and Qwen3 remaining comparatively robust,
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Model Malaysia Hong Kong Mainland Singapore Taiwan
DeepSeek-V3.1 73.6 2.2 [69.1, 77.6] 80.8 1.7 [77.2, 83.9] 78.8 1.8 [75.1, 82.1] 42.7 2.2 [38.5, 47.0] 81.9 1.7 [78.4, 84.9]
GPT-5.1 71.9 2.2 [67.4, 76.0] 61.5 2.1 [57.3, 65.6] 81.0 1.7 [77.4, 84.1] 57.7 2.2 [53.4, 61.9] 77.6 1.8 [73.9, 80.9]
Qwen3-30B 60.8 2.4 [56.0, 65.4] 66.2 2.1 [62.0, 70.1] 69.2 2.0 [65.1, 73.0] 36.5 2.1 [32.5, 40.8] 75.6 1.9 [71.8, 79.0]
Baichuan-M2 63.2 2.4 [58.5, 67.7] 47.9 2.2 [43.6, 52.2] 74.6 1.9 [70.7, 78.2] 10.7 1.4 [8.3, 13.6] 31.2 2.0 [27.4, 35.2]
Ernie-4.5 51.9 2.5 [47.1, 56.7] 52.9 2.2 [48.6, 57.1] 58.3 2.2 [54.0, 62.4] 28.4 2.0 [24.6, 32.4] 67.7 2.0 [63.6, 71.5]
Gemma-7B 12.5 1.6 [9.7, 16.0] 6.3 1.1 [4.5, 8.8] 7.1 1.1 [5.2, 9.7] 17.1 1.7 [14.1, 20.6] 20.5 1.7 [17.3, 24.1]
SEA-LION-27B 61.5 2.4 [56.8, 66.1] 8.5 1.2 [6.4, 11.2] 67.7 2.0 [63.6, 71.6] 36.9 2.1 [32.8, 41.1] 74.2 1.9 [70.4, 77.8]
GLM-4-32B 68.3 2.3 [63.7, 72.8] 39.8 2.1 [35.7, 44.1] 66.0 2.1 [61.8, 69.9] 39.8 2.2 [35.7, 44.1] 71.8 1.9 [67.9, 75.5]
Ministral-3-14B 54.3 2.4 [49.5, 59.0] 35.6 2.1 [31.6, 39.8] 54.6 2.2 [50.3, 58.9] 32.4 2.1 [28.5, 36.6] 67.3 2.0 [63.3, 71.2]
SeaLLMs-v3-7B 49.3 2.4 [44.5, 54.1] 10.2 1.3 [7.6, 12.8] 57.7 2.2 [53.4, 62.0] 30.3 2.0 [26.4, 34.2] 61.0 2.1 [56.9, 65.1]
Llama-3.1-8B 28.4 2.2 [24.2, 32.9] 23.8 1.9 [20.4, 27.7] 23.8 1.9 [20.4, 27.7] 14.4 1.5 [11.6, 17.7] 41.6 2.1 [37.5, 45.8]
Average 54.2 2.5 [49.3, 59.0] 39.4 2.1 [35.3, 43.5] 58.1 2.2 [53.8, 62.2] 31.5 2.0 [27.6, 35.5] 60.9 2.1 [56.9, 65.0]
Human 78.1 1.8 [74.6, 81.7] 81.5 1.7 [78.2, 84.9] 85.6 1.5 [82.6, 88.6] 79.5 1.8 [76.0, 83.0] 83.4 1.6 [80.3, 86.6]

Table 1: Model zero-shot performance on RegioZH, measured by Accuracy (%). “-” means “not support”. Results
are presented as Mean SE [95% CI], where the bolded figure is the primary metric, followed by its standard error in
subscript and the confidence interval in brackets. The best-performing model in each region is bolded.

yet both degrade on Singapore and Hong Kong.
GPT-5.1 leads among global models on Mainland
China and Singapore, whereas Southeast Asia-
oriented models show no clear advantage on these
localized items. At the model level, several sys-
tems also show large row-wise swings; for exam-
ple, SEA-LION-27B reaches 74.2% on Taiwan but
drops to 8.5% on Hong Kong. Overall, zero-shot
results suggest unreliable mappings from localized
surface markers to region-appropriate interpreta-
tions, without distinguishing knowledge gaps from
retrieval, prompting, or calibration effects. Addi-
tional analyses controlling for surface artifacts and
cross-regional differences in item structure, includ-
ing option count and gold-set cardinality, indicate
that neither factor fully explains the observed re-
gional disparities; see Appendix E for details.

5.2 Eliciting Regional Knowledge with
Persona and Structured Reasoning

To examine prompt sensitivity, we apply persona
and structured CoT prompting to five models under
matched decoding and parsing settings. Only the
final multiple-choice option is scored, so gains are
diagnostic and may reflect changes in answer pri-
ors, parsing success, verbosity, regional salience,
or elicitation of relevant knowledge.

Fig. 2 shows that persona prompting is more sta-
ble, improving accuracy in 20 of 25 model–region
combinations versus 14 for structured CoT, with
positive average gains for all five models. Av-
erage persona gains are largest for Hong Kong
(+3.90), Malaysia (+3.88), and Singapore (+3.84),
followed by Taiwan (+2.80) and Mainland China
(+1.14), broadly aligning with lower zero-shot per-
formance in regions requiring stronger localized
lexical grounding.

Structured CoT is more polarized: it improves
GPT-5.1 across all regions, with large margins on
Hong Kong and Malaysia, but yields mixed re-
sults for other models, including sharp drops for
Ministral-3-14B on Malaysia and Singapore. Over-
all, regional linguistic reasoning failures are partly
prompt-sensitive: expert persona prompts may ac-
tivate region-specific knowledge, while structured
CoT depends more on accurate early grounding
and the model’s ability to integrate localized cues
into subsequent reasoning.

6 Diagnostic Analyses of Regional
Failures

Prompting results suggest that regional failures
are sensitive to elicitation strategy, reflecting un-
stable knowledge elicitation and localized lexical-
reasoning difficulties rather than absolute knowl-
edge deficits alone. We examine four correlational
diagnostic signals: representation spaces, attention
allocation, decoding calibration, and inter-domain
interference, to test whether RegioZH errors co-
vary with failures to encode, attend to, calibrate, or
compose region-licensed interpretations. The fo-
cus is not general Chinese proficiency, but whether
models can connect localized expressions, regional
context, and licensed meanings at answer time.

We conduct these analyses mainly zero-shot, us-
ing Qwen3-30B, GLM-4-32B, and SeaLLMs-v3-
7B as top-, mid-, and lower-tier open-source mod-
els. Because patterns are consistent across them,
Sections 6.1, 6.2, and 6.3 mainly report GLM
results, with full Qwen and SeaLLM results in E.4.
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Figure 2: Regional accuracy gains from persona and structured CoT prompting across five models on RegioZH.

6.1 Representation Geometry and Regional
Separation

To examine whether regional-understanding fail-
ures coincide with representational shifts, we
project final-layer sentence embeddings into a
shared 3D PCA space and quantify pairwise distri-
butional discrepancies using the unbiased empirical
estimate of squared Maximum Mean Discrepancy
(MMD2), a kernel-based measure of the difference
between two distributions. Within the same repre-
sentation and kernel configuration, smaller MMD2

values indicate greater relative similarity between
embedding distributions, whereas larger values in-
dicate greater distributional separation. Such shifts
may reflect both orthographic differences, such
as those between Simplified and Traditional Chi-
nese, and genuine lexical, syntactic, or regional-
expression differences. To partially disentangle
these factors, we construct human-verified Simpli-
fied and Traditional formalized versions for Hong
Kong and Taiwan, whose original informal data
are exclusively in Traditional Chinese (see details
in E.4). This analysis separates representational
proximity from downstream correctness: close em-
bedding distributions do not guarantee correct an-
swers, whereas large distributional shifts may re-
veal localized forms that are encoded sufficiently
differently to become diagnostically informative.

Fig. 3 shows that script structures the model’s
semantic space. Except for Hong Kong informal ex-
pressions, MMD2 values( 2) between each region’s
formal/informal data and other regions’ Simplified
data remain below 0.15, indicating proximity. Con-
verting Hong Kong informal expressions to Simpli-
fied reduces their gap with other regions’ informal
Simplified data from 1.215 to 0.75, while Taiwan
also moves closer to other regions under Simplified
conversion. Thus, script is salient but not the only
dimension affecting regional comprehension.

Lexical and syntactic factors are important for

Hong Kong, whose informal expressions reflect
Cantonese vocabulary and syntax in addition to
Traditional script. When Hong Kong and Taiwan
informal data are formalized and uniformly con-
verted to Simplified, Hong Kong’s MMD2 distance
to other regions drops from 0.75 to 0.11, with sim-
ilar convergence elsewhere. This suggests that
benchmark difficulty partly lies in mapping infor-
mal local forms to region-licensed meanings, rather
than processing Chinese text in general.

Overall, regional Chinese data are closest in se-
mantic space under formal expression and a unified
writing system, but Taiwanese and Hong Kong Tra-
ditional Chinese should not be treated as the same
surface form. Taiwan remains robust: it achieves
the highest average performance under Traditional
input, and Sec. 6.4 shows Simplified–Traditional
conversion has only marginal downstream impact.
Hong Kong performance, by contrast, appears
more affected by Cantonese syntax, Hong Kong-
specific Traditional conventions, and regional lexi-
cal items, which may be less represented in Chinese
web corpora. Thus, representational separation is
most useful when interpreted with task accuracy,
helping distinguish orthographic sensitivity, local-
ized lexical mapping, and variety-specific structural
divergence without itself determining correctness.

Simplified Traditional

Register HK TW SG MC MY HK TW

Informal 0.750 0.090 0.115 0.145 0.119 1.215 0.724
Formal 0.110 0.050 0.070 0.080 0.070 1.085 1.140

Table 2: Cross-regional MMD2 distances. Each cell
reports the unbiased MMD2 between the focal region
(column) and the pooled distribution of the remaining
four regions, under the matching register. The reference
distribution is always in Simplified; the right-hand panel
keeps HK and TW in Traditional. Lower values indicate
greater proximity to the rest of the corpus.
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Figure 3: PCA projection of regional expressions and
their standardized counterparts.Inf., Form., Trad., and
Simp. denote informal region-specific expressions, for-
mal standard expressions, traditional script, and simpli-
fied script, respectively.

6.2 Attention–Performance Mismatch

Determining the loci of regional-understanding
failures requires distinguishing an initial attention
blind spot from a later semantic-integration diffi-
culty. The layer-wise attention curves in Fig. 4
provide stronger support for the latter, although
attention alone does not constitute direct evidence
of successful grounding. Because the Hong Kong
items are largely written in Cantonese, including
them in this diagnostic would conflate variety-level
divergence with regional lexical variation. We
therefore restrict the analysis to the other four re-
gions. This exclusion is analysis-specific rather
than benchmark-level: Hong Kong remains part
of the main evaluation and is examined separately
in C.3.

Table 3 summarizes four complementary diag-
nostics used to distinguish attention, answer confi-
dence, terminology understanding, and grounding
failure. Gold-answer probability (GoldP) is the
probability assigned to the exact gold-answer com-
bination under the forced-choice candidate-scoring
procedure. We report terminology-explanation ac-
curacy separately for items with correct final an-
swers (E✓) and those with incorrect final answers
(E×), with ∆ = E✓ −E× denoting the difference
between the two in percentage points. Grounding-
failure share (G) is the proportion of incorrect-
answer cases that satisfy our operational criterion
for grounding failure. Together, these measures
allow us to assess whether attention to regional
markers is accompanied by correct lexical inter-
pretation and successful integration into the final

0 4 8 12 16 20 24 28 32 36 40 44 48 52 56 60
Layer Index

0.001

0.002

0.003

0.004

0.005

0.006

0.007

M
ar

ke
r 

At
te

nt
io

n 
M

as
s

Mainland
Singapore
Taiwan
Malay

Figure 4: Layer-wise attention mass assigned to region-
specific marker tokens across regional Chinese varieties.

prediction.

In the deeper layers, particularly layers 36–48,
marker tokens from all four analyzed regions attract
substantial attention, suggesting that the model
does not simply overlook region-specific cues.
However, this attention does not reliably translate
into correct predictions. Singapore provides the
clearest example: despite having the highest final-
layer marker attention (0.0051), it exhibits the low-
est GoldP (0.0747), a low E× (40.0%), and a high
grounding-failure share (G = 0.60). This combi-
nation indicates that many errors involve failures
to interpret regional terminology correctly. The
model may therefore register regionally marked
tokens without reliably mapping them to locally
licensed meanings. By contrast, Taiwan achieves
the highest GoldP and an E✓ of 84.4% despite re-
ceiving lower marker attention. A similar pattern
appears for Malaysia, suggesting more efficient
grounding of familiar or better-resourced regional
varieties.

The Mainland data point to an additional
compositional-integration bottleneck. Although
E✓ is high at 81.9%, Mainland items contain
the largest average number of marker terms per
instance (2.9231), while GoldP remains limited
at 0.1625. Moreover, the relatively high E× of
50.6% shows that the model often explains indi-
vidual terms correctly even when its final answer
is wrong. The resulting gap between terminology-
level understanding and answer-level performance
suggests that the model may recognize isolated
markers but fail to combine multiple localized
cues into the regionally licensed interpretation.
These results point to lexical disambiguation and
compositional-propagation errors. Further details
of the terminology-explanation experiment are pro-
vided in D.1.
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Region Attn. GoldP T/S E✓ E× ∆ G

Mainland 0.0034 0.163 2.92 81.9 50.6 31.4 0.49
Singapore 0.0051 0.075 1.62 69.3 40.0 29.3 0.60
Taiwan 0.0038 0.341 1.64 84.4 59.3 25.1 0.41
Malaysia 0.0034 0.272 1.51 76.1 38.6 37.4 0.61

Table 3: Marker attention, gold-answer probability, den-
sity, and term-explanation accuracy conditioned on an-
swer correctness. E✓/E×: explanation accuracy on cor-
rect/incorrect items; ∆ = E✓−E× (pp); G: grounding-
failure share among wrong-answer items, d/(c+ d).

6.3 Forced-Choice Calibration across Regions

A forced-choice calibration analysis using GLM
examines whether regional comprehension fail-
ures coincide with miscalibrated confidence. For
each multiple-choice item, we score all valid an-
swer combinations, including single options, op-
tion pairs, and all-choice candidates, and convert
conditional likelihoods into predictive probabilities
using temperature-scaled softmax (T ∈ [0.5, 2.0];
full setup in Section E.4). Calibration is assessed
with Expected Calibration Error (ECE) (Guo et al.,
2017), multiclass Brier score (Glenn et al., 1950),
and Negative Log-Likelihood (NLL).

Increasing T consistently reduces ECE, Brier
score, and NLL across regions, while accuracy
remains unchanged because temperature scaling
preserves candidate rankings. The improvement
therefore reflects reduced overconfidence, not bet-
ter regional understanding. Diagnostically, a cali-
brated model should express uncertainty when lo-
calized lexical cues are unresolved; GLM instead
often assigns high confidence to incorrect candi-
dates, treating uncertain regional interpretations as
settled choices.

Calibration difficulty is strongly region depen-
dent. Singapore shows the worst miscalibration,
with ECE 0.66, Brier score 1.35, and NLL 4.12
at T = 1.0; even at T = 2.0, its ECE remains
high at 0.42. Mainland and Malaysia are interme-
diate, Taiwan is better calibrated, and Hong Kong
improves most, with ECE dropping from 0.21 to
0.07. These results show that regional failures of-
ten appear as high confidence without understand-
ing: temperature scaling reduces overconfidence
but does not resolve errors in regional identification,
lexical interpretation, or compositional reasoning.
This complements the attention analysis, showing
that models may attend to regional markers yet still
make confident forced-choice errors when local
meanings are not integrated into the final decision.
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Figure 5: Temperature-scaled decoding calibration us-
ing forced-choice candidate likelihoods. Exact values
for all data points are provided in E.4.

6.4 Surface Feature Interference across
Regions and Domains

We conduct a pooled regression across three rep-
resentative models to identify surface features as-
sociated with regional Chinese understanding. As
shown in Fig. 6, marker count and Latin charac-
ter ratio correlate most strongly with lower perfor-
mance, with coefficients of −0.14 and −0.25. This
suggests that errors are linked to dense localized
cues and surface forms requiring regional ground-
ing. Marker count is more than a length effect, as
each localized marker adds a regional constraint
to be jointly interpreted; by contrast, longer text
correlates positively with performance, suggesting
that richer context supports reasoning.

The effect of code-switching is region dependent.
In Singapore and Malaysia, it correlates positively
with performance, likely helping regional identi-
fication. In Mainland China and Taiwan, where
such mixing is less typical, it correlates negatively
(−0.13 and −0.18), showing that the same surface
feature can aid or hinder interpretation depending
on local usage patterns.

Script conversion is also region sensitive. Al-
though aggregate effects are small, converting
Hong Kong inputs from Traditional to Simplified
Chinese substantially reduces performance, while
Taiwan shows a slightly positive effect. This sug-
gests that Hong Kong Traditional Chinese carries
intertwined script, lexical, contact-induced, and
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syntactic cues, whereas Taiwan’s relevant lexical
meanings are more robust across scripts.

Semantic domain further modulates difficulty.
Models are more robust in standardized domains
such as law, safety, security, healthcare, govern-
ment services, and cultural history, but weaker in
everyday domains such as food, social life, ed-
ucation, business, transport, and finance. Over-
all, RegioZH failures reflect localized lexical bur-
den, region-dependent script signals, and domain-
specific language, reinforcing its role as a bench-
mark for region-licensed interpretation rather than
general Chinese fluency or simple dialect robust-
ness.

6.5 Synthesizing the Diagnostics: A Regional
Reasoning Failure Pathway

The four diagnostics, though correlational, point
toward a shared failure pathway rather than four
unrelated phenomena. Regional surface properties
are associated with interpretive difficulty. Dense lo-
calized markers, region-dependent code-switching,
script conventions, and everyday domains predict
lower accuracy, plausibly by increasing the num-
ber or ambiguity of region-specific constraints to
be resolved. Some of these forms are also en-
coded apart from standardized Chinese, particu-
larly when lexical, syntactic, and script variation
co-occur. Representational separation alone does
not track failure, however: most regional inputs
converge after formalization and script unification,
yet errors persist. The most consistent association
arises at the mapping from detected cues to region-
licensed meanings. Substantial marker attention
does not reliably co-occur with correct interpreta-
tion; Singapore combines the highest marker atten-
tion with the lowest gold-answer probability and
the largest grounding-failure share. Composition of
multiple localized constraints shows a second pat-
tern: on Mainland items, individual terms are often
explained correctly even when the final answer is
wrong, and marker density predicts lower accuracy.
The errors are thus compatible with both unsta-
ble local grounding and incomplete propagation of
recognized meanings into the final interpretation;
our diagnostics do not separate their relative con-
tributions. Forced-choice decoding co-occurs with,
and may amplify, these unresolved failures. Mod-
els assign high probability to incorrect candidates
when regional meanings remain ambiguous, and
temperature scaling reduces overconfidence with-
out changing accuracy, suggesting miscalibration
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Figure 6: Regression coefficients of text features, se-
mantic domains, and script conversion effects.

Model Error Rate Error Type Distribution
(%) Term. Socio. Other

SeaLLMs-v3-7B-Chat 58.48 67.46 17.74 14.80
GLM-4-32B-0414 40.73 52.30 26.25 21.45
Qwen3-30B-A3B 38.58 59.05 30.71 10.24

Table 4: Error attribution across models. Errors are
categorized into regional terminology understanding
errors, sociocultural inference errors, and other types.

follows the interpretation failure instead of driv-
ing it. This synthesis also situates the prompting
results in Sec. 5.2: prompt changes may perturb
regional salience, answer priors, parsing behavior,
or knowledge access, but correlational gains do not
identify which. We present this layered account as
a working hypothesis that organizes the observed
associations and motivates targeted interventions.

7 Error Attribution and Qualitative
Analysis

Building on the preceding diagnostics, we conduct
targeted attribution and case studies of errors on the
RegioZH task: failures to select the region-licensed
interpretation of localized Chinese expressions. We
classify each incorrect prediction into three cate-
gories: regional terminology understanding, so-
ciocultural inference, and other errors, using an
LLM-as-judge protocol. Human–model agreement
is reported in D.3. These labels are intended to
localize the apparent source of a region-licensed in-
terpretation failure, rather than to be read as direct
evidence about a model’s internal mechanism.
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Terminology Sociocultural Register-based Semantic Divergence Areal Semantic Divergence

朋友和你說“小美講話很假仙。”下
面哪個（些）回答是正確的理解？

(a) 是啊，她講話超假，愛裝可憐兮兮
的那種。 (b) 她講話超有戲，搞得跟
綜藝節目一樣。 (c) 對啊，她講話都
裝模作樣…

「我約咗醫生，但要等成兩個鐘先見
到。」哪個誤解？

(a) 私家都係咁，貴但都要等 (b) 你等
緊睇醫生，不如直接去急症室快啲？

(c) 兩個鐘…

听到朋友说“双十一买了啥？我直接被李佳琦种草了三大
件！”以下回答，哪个或哪几个是错误理解的回答？
(a)“哈哈哈，我也是被种草了一堆护肤品！一到直播间就控
制不住手！” (b)“种草三大件？你这三大件是不是买到吃土
下个月了？” (c)“种草？你还真买了几盆植物回家…”

你在聊天中听到以下句子，请选出下列回复
中理解有误的选项。“我小时候去kopitiam的
时候都喜欢来一杯踢球。”
(a) 我也是，我超喜欢喝那个milo peng！(b) 

你小时候真淘气，居然在咖啡店踢球。(c) 

我就不一样了…

Figure 7: Examples of understanding errors across different semantic categories (English counterparts are in Fig. 9).

7.1 Terminology and Sociocultural Errors
across Model Capability Tiers

Tab. 4 shows that RegioZH errors concentrate in
two region-sensitive categories: terminology under-
standing and sociocultural inference. Terminology
errors are the largest share across models, reach-
ing 67.46% for SeaLLMs, indicating that region-
specific lexical items are a major failure source.
For example, the Taiwanese expression “假仙” in
Fig. 7 requires a local interpretation; otherwise,
models may choose an option based on a literal or
nonlocal reading.

Error composition also differs across models.
Although Qwen and GLM make fewer total errors
than SeaLLMs, sociocultural errors form larger
shares of their remaining mistakes: 30.71% and
26.25%, compared to 17.74% for SeaLLMs. Thus,
lower overall error rates do not eliminate region-
sensitive failures; remaining errors often involve lo-
cal institutions, social practices, and shared assump-
tions. The Hong Kong medical appointment case
in Fig. 7, for instance, requires implicit knowledge
of public/private healthcare, emergency wait times,
and visitation expectations rather than special ter-
minology. Reliable inference therefore requires
situating utterances in social and institutional con-
text, not merely recognizing localized words.

7.2 Semantic Divergence across Registers and
Regions

Terminology errors reflect semantic divergence, not
just missing vocabulary. We distinguish register-
based divergence, where a lexical item gains an
informal sense in a specific communicative set-
ting, from areal divergence, where meanings shift
across regions. Fig. 7 illustrates both: in Main-
land Chinese, “种草” literally means planting grass
but informally means developing interest through
recommendation; in Malaysian and Singaporean
contexts, “踢球” can refer not to playing football
but to Milo, a chocolate malt drink. Relying only
on the literal meaning or on one regional sense
can therefore lead to mismatched interpretations.
Additional cases are in F.

These findings show that RegioZH targets a

weakness often hidden by broad Chinese-language
evaluations: models may produce fluent Chinese
yet select meanings incompatible with the item’s
regional frame. RegioZH should therefore be inter-
preted as a diagnostic of region-licensed lexical rea-
soning, not general Chinese proficiency or dialect
robustness. The attribution results also leave open
whether errors stem mainly from uneven pretrain-
ing coverage, post-training bias toward majority-
region senses, weak use of regional cues, or forced-
choice overconfidence. Future work can test these
alternatives through controlled data interventions,
cue ablations, retrieval or grounding methods, and
region-specific calibration analyses.

Overall, regional Chinese failures are not iso-
lated vocabulary gaps; they involve local institu-
tional knowledge, shared social assumptions, and
semantic shifts across registers and regions. Re-
gioZH thus provides a diagnostic resource for
studying how LLMs map surface expressions to
sociolinguistic, cultural, and institutional contexts
across Chinese-speaking regions.

8 Conclusion

This work challenges the view of Chinese profi-
ciency in LLMs as monolithic by introducing Re-
gioZH, a 2,607-item benchmark for regional lexical
reasoning across Mainland China, Taiwan, Hong
Kong, Singapore, and Malaysia. RegioZH tar-
gets region-licensed interpretation of localized Chi-
nese expressions, evaluating whether models select
meanings grounded in local lexical, sociocultural,
and institutional usage. Our evaluation reveals sub-
stantial cross-regional disparities. Diagnostic anal-
yses show that models may notice localized mark-
ers yet still fail to select region-appropriate mean-
ings, often with overconfident forced-choice errors.
These findings highlight intra-language regional
interpretation as a key LLM evaluation dimension.
Future work can broaden RegioZH across commu-
nities, domains, and evolving expressions, while
extending evaluation beyond MCQs and develop-
ing methods that improve regional interpretation
without homogenizing local variation.
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Limitations

This work primarily uses Chinese as a testbed to
examine disparities in models’ semantic reasoning
abilities across regional variants of the same lan-
guage. It does not yet cover regional variants in
other languages. We plan to extend this investiga-
tion to a broader range of languages in future work.
Additionally, REGIOZH is currently constructed
based on a multiple-choice format. While this de-
sign choice facilitates standardized automated eval-
uation and systematic decoding calibration analy-
sis, it primarily assesses the models’ discriminative
capabilities. Model performance and regional com-
prehension barriers might exhibit different dynam-
ics in free-form generative tasks, such as multi-turn
dialogues or open-ended question answering. We
plan to develop generative evaluation protocols in
future extensions to provide a more comprehen-
sive assessment. Current improvements in reason-
ing over regional Chinese variants rely primarily
on prompting, with limited gains.Future work will
explore reinforcement learning (Li et al., 2026a,c;
Tan et al., 2026b), retrieval-augmented methods (Li
et al., 2026b; Yu et al., 2026b,c), or knowledge dis-
tillation (Zheng et al., 2026a,b) to further enhance
model performance.
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Ethics Statement

Bias and Representation: RegioZH is designed
to reveal region-dependent performance gaps of

LLMs across regional varieties of Chinese, includ-
ing disparities shaped by uneven coverage of Main-
land China, Taiwan, Hong Kong, Singapore, and
Malaysia in pretraining corpora and by imbalanced
exposure to localized idioms, slang, code-mixing,
politeness conventions, and sociocultural expres-
sions. At the same time, RegioZH may still re-
flect residual biases from the linguistic intuitions
of individual annotators (e.g., over-representation
of urban or generationally specific usage), from ref-
erence materials such as Wikipedia, Baidu Baike,
and regional dictionaries, or from question fram-
ing; some region-grounded items could also in-
advertently reinforce stereotypes if not carefully
curated. To mitigate these risks, annotators were
required to verify each region-specific expression
against authoritative sources, cross-check ambigu-
ous cases against multiple independent references,
and balance semantic-domain coverage. Three
Chinese-linguistics experts then independently au-
dited every item to correct errors, prune low-quality
samples, adjudicate borderline cases, and remove
content that could be misleading or stereotyp-
ing, achieving substantial inter-reviewer agreement
(Fleiss’ κ = 0.762).

Data Provenance and Annotation: RegioZH
is collaboratively constructed by region-specific
expert teams. Annotators are native speakers of
the regional variety they cover (Mainland China,
Hong Kong, Taiwan, Singapore, or Malaysia) and
were recruited based on long-term local residence
and demonstrated familiarity with locale-bound
lexical, pragmatic, and sociocultural conventions.
All annotators received a project-wide briefing,
participated in focus-group discussions to define
semantic domains and question types, and fol-
lowed detailed annotation guidelines covering cat-
egory balance, source verification, distractor de-
sign, and sociocultural appropriateness. For data
sourcing, items are authored from scratch rather
than scraped, and annotators cross-checked region-
specific meanings, usage contexts, and sociocul-
tural assumptions against multiple authoritative ref-
erences (Wikipedia, Baidu Baike, regional dictio-
naries, news articles, and other locally grounded
materials). Distractors are required to be semanti-
cally plausible and comparable to the correct an-
swer in form and specificity, so that performance
reflects genuine regional competence rather than
surface-level pattern matching. All items are au-
thored in the appropriate regional written form,
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with English glosses produced and manually veri-
fied for documentation purposes. Annotators were
compensated at competitive local rates (see Ta-
ble 5), and no personally identifiable information
about annotators is disclosed. We additionally filter
content that could constitute hate speech, defama-
tion, or sensitive personal information, and avoid
items that depend on private or identifying details
of real individuals.

Intended Benefit: We aim to provide a trans-
parent benchmark and diagnostic protocol that
helps surface intra-language disparities, fragile re-
gional grounding, and confidence miscalibration in
Chinese-capable LLMs, rather than merely rank-
ing models on aggregate accuracy. By pairing
multiple-choice items with region-grounded inter-
pretations, requiring models to explain their rea-
soning over locale-bound lexical cues, and com-
plementing accuracy with representation, attention,
calibration, and surface-feature analyses, the bench-
mark encourages region-sensitive grounding and
discourages shortcut solving based on standard-
ized Mandarin priors. We will release RegioZH
and supporting resources for research use to facili-
tate reproducibility, bias and fairness analysis, and
future work that broadens high-quality coverage
for under-served regional varieties of Chinese and
other languages with comparable intra-language
heterogeneity.
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A Extended Related Work

Cultural alignment and knowledge elicitation.
Benchmarks such as CDEval (Wang et al., 2024),
MMA-ASIA (Zheng et al., 2025b), and BLEnD-
Vis (Tan et al., 2026a) evaluate cultural knowledge
and geo-cultural dimensions at a broad level. Our
work targets a more grounded capability: the inter-
pretation of localized everyday expressions where
failures arise from lexical semantic drift across re-
gions or from missing socially embedded institu-
tional knowledge. Our finding that persona prompt-
ing and structured chain-of-thought partially re-
cover regional performance further suggests that
many failures reflect suboptimal knowledge elicita-
tion rather than pure knowledge absence. This
result complements cultural alignment work on
prompting-based intervention.

B Benchmark Construction Details

During dataset construction, annotators were in-
structed to verify the meanings and contextual
conditions of region-specific expressions, colloqui-
alisms, and slang through authoritative reference
sources, including Wikipedia, Baidu Baike, dictio-
naries, news articles, and other locally grounded
materials. This step was designed to minimize am-
biguity in lexical interpretation and to ensure that
each expression was used appropriately within its
intended sociocultural and pragmatic context.

For distractor design, annotators were required
to construct alternatives that were semantically
plausible and comparable to the correct answer
in form, specificity, and topical relevance. We ex-
plicitly discouraged distractors that could be ruled
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out through superficial cues, such as obvious se-
mantic mismatch, unnatural phrasing, or contex-
tual implausibility. This design principle ensures
that model performance reflects genuine regional
semantic competence rather than shallow pattern
matching or process-of-elimination strategies. Full
annotation guidelines are provided in Table 6.

Table 7 presents the distribution of semantic do-
mains across regions, and Table 5 summarizes an-
notator recruitment details. For each target region,
we recruited three annotators familiar with the cor-
responding regional variety of Chinese. The subse-
quent expert validation stage was conducted by a
separate panel of three Chinese-linguistics review-
ers. To protect annotator privacy, no personally
identifiable information is disclosed. We report
only annotator regions and compensation.

To assess the reliability of the expert valida-
tion stage, we computed Fleiss’ κ over all 2,750
items submitted for quality control, evaluated by
three Chinese-linguistics reviewers. Fleiss’ κ is
preferred over Cohen’s κ, which is defined only
for two annotators. The observed agreement rate
was P̄ = 0.881 and the expected chance agreement
was Pe = 0.500, yielding:

κ =
P̄ − Pe

1− Pe
= 0.762 (1)

Under the Landis and Koch (1977) scale, this
falls within the substantial agreement range (0.61–
0.80), approaching the almost perfect threshold.
These results indicate substantial agreement among
reviewers on the pre-adjudication three-way valida-
tion label space, namely retain, revise, or remove.
Items for which a majority of reviewers voted for
rejection were discarded, while those requiring re-
vision were returned to the respective regional an-
notators. This process yielded the final benchmark
of 2,607 items.

B.1 Dataset Examples

We provide data samples from the five regions in
the RegioZH dataset in Fig. 8.

C Experimental Setup

C.1 Model Summary

Table 8 provides a comprehensive summary of the
models utilized in this study, including their respec-
tive categorizations and the specific experimental
tasks to which each was applied.

Annotator Region Compensation

A Mainland China 1200 SGD/Month
B Mainland China Free
C Mainland China Free
D Hong Kong 1 SGD/Sample
E Hong Kong 1200 SGD/Month
F Hong Kong Free
G Taiwan 1200 SGD/Month
H Taiwan 1200 SGD/Month
I Taiwan 1200 SGD/Month
J Singapore 1200 SGD/Month
K Singapore 1200 SGD/Month
L Singapore Free
M Malaysia 1200 SGD/Month
N Malaysia Free
O Malaysia Free

Table 5: Annotator information.

C.2 Prompting Strategy Evaluation

We conducted experiments under three prompt-
ing settings: zero shot prompting, persona based
prompting, and structured chain of thought prompt-
ing, with Temperature = 1 and top_p = 1. The
specific prompt used for each strategy is provided
in Table 9.

C.3 Scope of Hong Kong inclusion across
analyses.

Our four diagnostic lenses operate at different lin-
guistic granularities, and we adopt analysis-specific
inclusion criteria for Hong Kong accordingly. Rep-
resentation geometry (Sec. 6.1), forced-choice cal-
ibration (Sec. 6.3), and surface-feature regression
(Sec. 6.4) operate at the sentence or option level and
are robust to lexical and orthographic divergence;
including Hong Kong in these analyses is essential,
as our goal is precisely to characterize its outlying
behavior. Attention attribution (Sec. 6.2), in con-
trast, requires identifying region-specific marker
tokens against a Mandarin-based written norm. Be-
cause the Hong Kong subset is predominantly writ-
ten in Cantonese, which diverges from Mandarin
at the lexical, syntactic, and orthographic levels,
the very notion of an isolated regional marker be-
comes ill-defined: virtually every token could be
classified as region-specific. Including Hong Kong
would conflate variety-level linguistic divergence
with the lexical-marker-level signal under investiga-
tion. We therefore restrict the attention analysis to
the four regions whose written form remains within
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Mainland China Hong Kong Taiwan Singapore Malaysia

朋友听到这句话“这尼玛拿电表和汽
车打MOBA呢，还给出装备的”后可
能会给出不同的回答，请选出正确的
回答，可以多选。(a)“哈哈哈，确实！
现在的游戏设定越来越离谱了，啥都
能当装备，简直搞笑。”
(b)“电表和汽车？你们玩的是赛车游
戏还是电力模拟器？怎么玩MOBA

啊？”
(c) “这已经不止是脑洞大开了，设计
师怕不是直接打开了平行世界！”
(d) “装备是啥意思？汽车是道具吗？
还是要修电表？”(Please select the 
correct responses that a friend might 
give after hearing the sentence: 
“What the hell, they’re making an 
electricity meter and a car play a 
MOBA, and they even give them 
equipment?” Multiple answers may 
be selected. (a) “Hahaha, exactly! 
Game settings nowadays are getting 
more and more ridiculous. Anything 
can become equipment. It’s 
hilarious.” (b) “An electricity meter 
and a car? Are you playing a racing 
game or a power simulator? How can 
that be a MOBA?” (c) “This is beyond 
just having a wild imagination. The 
designers must have opened a 
parallel universe!” (d) “What does 
equipment mean? Is the car a prop? 
Or are you supposed to fix the 
electricity meter?”)

「我仔入到St. Paul's Co-Ed，好
彩抽到籤。」哪個誤解？
(a) Co-Ed即係聖保羅書院？
(b) 名校真係要運氣
(c) 你應該準備playgroup先
(d) Co-Ed好厲害，神校 (“My 
son got into St. Paul’s Co-Ed. 
Luckily, we got in through the 
lucky draw.” Which response 
reflects a misunderstanding?
(a) “Co-Ed means St. Paul’s 
College, right?” (b) “Getting into 
a prestigious school really does 
require luck.” (c) “You should 
prepare for playgroup first.” (d) 
“Co-Ed is amazing, a top-tier 
school.” )

“最近老張超愛乾泳，每天都吵著
要去。”
下面哪個（些）回答是正確的理
解？
(a) 哈哈，他是不是去游泳池當救
生員啊？
(b) 真的耶，他最近手氣超旺，昨
天還打到凌晨。
(c) 他開始練瑜伽啦？騙肖欸，他
連拉筋都不會！
(d) 真假？他不是超怕水的嗎？
(“Recently, Old Zhang has been 
really into playing mahjong. He 
keeps asking to go play every day.”
Question: Which of the following 
response(s) show the correct 
understanding? (a) “Haha, is he 
working as a lifeguard at the 
swimming pool?” (b) “Exactly, he’s 
been super lucky lately. Yesterday 
he was playing until the early 
morning.” (c) “Did he start doing 
yoga? No way, he can’t even 
stretch properly!” (d) “Really? Isn’t 
he really afraid of water?”)

你在聊天中听到以下句子，请选
出下列回复中理解有误的选项。
“诶, karung guni uncle来了。”
(a) 哇，今天他来得很早hor，我去
拿那些旧电器先！
(b) Wait ah，我房间里还有一个坏
掉的handphone，顺便一起拿去给
他。
(c)karung guni是卖小吃的uncle啊？
我们去买点东西吃咧！
(d) uncle这样早就来了啊？我去准
备点水果给他吃！
(e)karung guni来了啊？他是不是
来推销什么东西的？(You hear the 

following sentence in a chat. Please 

select the option(s) below that show 

a misunderstanding. “Eh, the karung

guni uncle is here.” (a) “Wow, he 

came really early today, hor. I’ll go 

get those old electrical appliances 

first!” (b) “Wait ah, I still have a 

broken handphone in my room. I’ll 

take it out for him too.” (c) “Is 

karung guni the uncle who sells 

snacks? Let’s go buy something to 

eat!” (d) “The uncle came this early? 

I’ll prepare some fruit for him to eat!” 

(e) “The karung guni uncle is here? 

Is he here to sell or promote 

something?”)

你在日常生活的对话当中，听到
以下的句子，请选出下列回复中
理解有误的选项。
“这份文件很重要，你最好用保家
信寄。”
(a)“也是，这样到时邮寄到家里的
时候，邮政局的人还能顺便帮我
们赶小偷。”
(b)“对，保家信还一定要收件人签
收，还是比较有保障的。”
(c)“你说得对，而且我还能跟踪邮
件的当前所在地在哪里。”
(d)“对啊这可是地契的邮件，没有
它怎么能保护我们家的所有权。”
(You hear the following sentence in 

an everyday conversation. Please 

select the option(s) below that show 

a misunderstanding. “This document 

is very important. You’d better send 

it by registered mail.” (a) “That 

makes sense. When it gets delivered 

to the house, the post office staff can 

also help us chase away thieves.” (b) 

“Right, registered mail requires the 

recipient’s signature, so it is more 

secure.” (c) “You’re right. I can also 

track where the mail currently is.” (d) 

“Yes, this is a land title document. 

Without it, how can we protect our 

family’s ownership of the house?”)

Figure 8: Dataset Examples

Terminology Sociocultural Register-based Semantic Divergence Areal Semantic Divergence

朋友和你說“小美講話很假仙。”下
面哪個（些）回答是正確的理解？

(a) 是啊，她講話超假，愛裝可憐兮兮
的那種。 (b) 她講話超有戲，搞得跟
綜藝節目一樣。 (c) 對啊，她講話都
裝模作樣…(A friend says to you, 
“Xiaomei speaks in such a fake way.” 
Which of the following response(s) 
show the correct understanding? (a) 
Yeah, she sounds so fake, like she’s 
always pretending to be pitiful. (b) She 
talks so dramatically, like she’s on a 
variety show. (c) Yeah, the way she 
talks is so affected and theatrical …)

「我約咗醫生，但要等成兩個鐘先見
到。」哪個誤解？

(a) 私家都係咁，貴但都要等 (b) 你等
緊睇醫生，不如直接去急症室快啲？

(c) 兩個鐘…(“I made an appointment 
with a doctor, but I still had to wait 
two hours before being seen.” Which 
one is a misunderstanding? (a) Private 
clinics can be like that too; they’re 
expensive but you still have to wait. (b) 
Since you’re waiting to see a doctor, 
why not go straight to the emergency 
department? That would be faster. (c) 
Two hours …)

听到朋友说“双十一买了啥？我直接被李佳琦种草了三大
件！”以下回答，哪个或哪几个是错误理解的回答？
(a)“哈哈哈，我也是被种草了一堆护肤品！一到直播间就控
制不住手！” (b)“种草三大件？你这三大件是不是买到吃土
下个月了？” (c)“种草？你还真买了几盆植物回家…”(When 
you hear a friend say, “What did you buy on Double Eleven? 
I was directly influenced by Li Jiaqi and ended up buying 
three big-ticket items!” Which of the following response(s) 
show an incorrect understanding? (a) “Haha, same here, I 
was influenced into buying a bunch of skincare products! 
Once I enter the livestream, I just can’t stop myself from 
buying!” (b) “Three big-ticket items? Did buying those leave 
you so broke that you’ll be eating dirt next month?” (c) 
‘planting grass’? Did you actually buy a few potted plants …)

你在聊天中听到以下句子，请选出下列回复
中理解有误的选项。“我小时候去kopitiam的
时候都喜欢来一杯踢球。”
(a) 我也是，我超喜欢喝那个milo peng！(b) 

你小时候真淘气，居然在咖啡店踢球。(c) 

我就不一样了…(You hear the following 
sentence in a conversation. Please select 
the response option(s) that show a 
misunderstanding. “When I was a child, 
whenever I went to a kopitiam, I liked to 
have a cup of ‘ti qiu.’” (a) Same here, I really 
loved drinking Milo peng! (b) You were really 
naughty as a child, actually kicking a ball in 
a coffee shop. (c) I’m different …)

Figure 9: Examples of regional Chinese understanding errors across different semantic categories with English
translations.

the Mandarin orthographic norm.

D Evaluation Methodology and Judging
Protocols

D.1 Terminology Explanation Experiment

To examine whether model performance on re-
gional Chinese semantic reasoning is linked to
the accuracy with which models interpret region
specific lexical items, we further require models
to justify their predictions after producing the se-
lected option(s). Specifically, the explanation must
ground the decision to select or reject each option
in the meanings of region specific terms appear-
ing in both the question and the answer choices.
Table 11 presents the prompt used for this exper-
iment. All decoding settings are kept consistent
with the other experiments, with Temperature set
to 1 and top_p set to 1. We evaluate the generated

explanations using an LLM-as-Judge protocol. The
judge focuses specifically on whether the model
correctly interprets the region specific lexical items
involved in its reasoning. An instance is marked
as correct only if the explanation provides accurate
interpretations for all region specific terms appear-
ing in the question and answer choices. If any such
term is misinterpreted, omitted, or used to support
an incorrect semantic distinction, the instance is
marked as incorrect. The judging prompt is pro-
vided in Table 11. In Section D.3, we further report
a human model agreement study, which shows that
the adopted multi model voting protocol achieves
high judgment reliability while mitigating biases
introduced by any single judge model.

D.2 Error Type Classification Protocol

We provide the prompt used to classify terminology
understanding errors and sociocultural inference er-
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rors in Table 11. All decoding settings are kept
consistent with the other experiments, with Tem-
perature set to 1 and top_p set to 1.

D.3 Human Model agreement analysis

To assess the reliability of our LLM-as-Judge
framework, we randomly sampled 100 instances
from the terminology explanation experiment and
another 100 instances from the error classification
experiment, where models were required to distin-
guish between terminology understanding errors
and sociocultural inference errors. Each instance
was independently evaluated by three annotators
with strong familiarity with regional Chinese ex-
pressions. Annotators were allowed to consult ex-
ternal resources during the evaluation process to
ensure the accuracy and consistency of their judg-
ments.

For each instance, we evaluated the agreement
between human annotations and several widely
used commercial LLMs, including Claude-haiku-
4.5, Gemini-3.1-flash, and GPT-5.4, as well as the
majority-vote result across the three models. The
model-human agreement results are reported in Ta-
ble 10. Our analysis shows that majority voting
achieves the highest agreement with human judg-
ments on both tasks, reaching 87% for terminol-
ogy explanation and 84% for error classification,
with Cohen’s κ values of approximately 0.788 and
0.740, respectively. These results indicate that the
multi-model majority-vote strategy provides a reli-
able judging mechanism and helps mitigate poten-
tial biases introduced by any single model. There-
fore, we adopt three-model majority voting as the
primary LLM-as-Judge mechanism for evaluating
the full dataset.

E Supplementary Quantitative Results

E.1 Superficial Artifacts

To test whether RegioZH can be solved through
superficial artifacts rather than regional language
understanding, we conducted a surface-artifact con-
trol analysis, summarized in Table 12.

A cross-fitted classifier using only surface and
lexical features predicts the source region with
94.3% accuracy, confirming that the items carry
strong regional signal. The same features, however,
do not leak the correct answer set. A surface-only
answer-set classifier reaches 20.5% exact match,
identical to a baseline that predicts the region-
conditional majority answer from the gold region

alone, indicating that surface features contribute no
answer-relevant information beyond region identity.
Supplying the gold region to the surface classifier
raises accuracy only to 22.1%. A stronger diag-
nostic that additionally receives the gold answer
cardinality reaches 31.6%, but this baseline con-
sumes oracle information unavailable at inference
time and remains far below the best performing
LLMs, which attain 71.6% exact match.

Regional vocabularies also overlap only
marginally. The mean off-diagonal Jaccard simi-
larity is 0.004, with a maximum of 0.022 between
Singapore and Malaysia. The residual region
confusions concentrate on Mainland–Singapore
and Singapore–Malaysia, which is linguistically
expected given shared Mandarin structures and
Southeast Asian lexical influence. Taken together,
these results indicate that RegioZH is not reducible
to region identification or lexical artifacts. Solving
an item requires using regional cues to recover the
meaning of localized expressions and sociocultural
references, and then mapping that meaning onto
the correct option set.

E.2 Controlling for Item Structure in
Exact-Set-Match Evaluation

Strict exact-set-match accuracy may be affected
by item structure, particularly the number of an-
swer options K and the gold-set cardinality G. We
therefore examine whether cross-regional variation
in these factors accounts for the observed perfor-
mance disparities. Variation in K is negligible in
RegioZH: the regional mean ranges from 4.00 to
4.02, and nearly all items contain exactly four op-
tions. Under uniform sampling over all non-empty
answer subsets, the corresponding chance level,

ci =
1

2Ki − 1
,

ranges only from 6.60% to 6.67% across re-
gions. Per-item chance normalization yields the
same overall regional pattern, indicating that varia-
tion in option count does not explain the observed
disparities.

Gold-set cardinality varies more substantially
across regions and may therefore affect strict exact-
match accuracy. To control for this variation, we
compute the stratum-specific accuracy Am,r,g for
each model m, region r, and gold-set size g, and
standardize all regions to the same pooled gold-
cardinality distribution:
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Astd
m,r =

∑

g

wgAm,r,g,

where w1 = 0.3509, w2 = 0.5626, and w3 =
0.0865. The primary analysis is restricted to the
common support G ∈ {1, 2, 3}, as G = 4 items
occur only in Hong Kong and Singapore. Standard-
ization changes the magnitude of some regional
differences: Singapore increases from 31.6% to
39.7%, whereas Hong Kong decreases from 45.3%
to 35.2%. Nevertheless, the main regional pattern
remains unchanged, with Taiwan (58.8%), Main-
land China (56.6%), and Malaysia (56.2%) sub-
stantially outperforming Singapore (39.7%) and
Hong Kong (35.2%). A sensitivity analysis retain-
ing all items and grouping the strata as G = 1,
G = 2, and G ≥ 3 produces nearly identical stan-
dardized scores. These results indicate that gold-
set composition partly affects the magnitude of raw
exact-match differences but does not account for
the main cross-regional disparity. We therefore use
exact set match as a strict primary metric while
acknowledging that partial-credit metrics provide a
complementary view of model performance.

E.3 Prompt Ablations, Verbosity, and Parsing
Controls

To verify that the observed elicitation effects were
not artifacts of prompt construction or evaluation
procedures, we conducted two complementary ab-
lation studies across all five models and both elic-
itation methods. Specifically, we examined sen-
sitivity to the ordering of answer options and to
semantics-preserving variations in instruction style.
We additionally controlled response verbosity and
answer parsing by separating free-form reasoning
from the structured answer field used for scoring.
The complete ablation results are reported in Ta-
ble 13, and the instruction-style paraphrases are
provided in Table 14.

Option-order ablation. We re-evaluated all ten
model–method configurations after randomizing
the positions of the correct option or options, while
preserving the question content and evaluation pro-
cedure. As shown in the Shuffle and ∆ columns
of Table 13, individual configurations changed by
1.34 accuracy points on average. The largest shift
was a 3.81-point decrease for Llama-3.1-8B un-
der Persona prompting. These changes were not
systematic, as indicated by a paired t-test across
the ten configurations, t(9) = −0.48, p = 0.65,

and they remained within the bootstrap confidence
intervals reported for the main results.

The option-order ablation also preserved the
principal trends established by the original eval-
uation. The ranking of the five models remained
unchanged, the performance gap between the best-
and worst-performing models remained approxi-
mately 45 points, and prompting continued to out-
perform the corresponding zero-shot baseline in 9
of the 10 configurations. Option position therefore
introduces bounded variation rather than a system-
atic confound.

Instruction-style ablation. To evaluate sensi-
tivity to prompt wording, we constructed two
semantics-preserving paraphrases of each original
Persona and structured chain-of-thought (CoT) tem-
plate. The complete paraphrased instructions are
presented in Table 14. Variant 1 and Variant 2 corre-
spond to P2 and P3, respectively, while P1 denotes
the original prompt. For Persona prompting, the
variants changed the wording of the expert role and
the description of regional linguistic and cultural
expertise. For structured CoT prompting, the vari-
ants rephrased the region-identification, localized-
term analysis, and answer-selection steps. Across
all variants, we held the task semantics and final
output format constant.

As shown in the P1–P3 and σ columns of Ta-
ble 13, accuracy remained stable across the three
realizations of each template. The standard devia-
tion across prompt variants averaged 0.87 accuracy
points and never exceeded 1.5 points. The rela-
tive effectiveness of the two elicitation methods
was also preserved. CoT outperformed Persona for
GPT-5.1, whereas Persona outperformed CoT for
Ministral-3-14B and Llama-3.1-8B. For DeepSeek-
V3.1 and Qwen3-30B, the differences between the
two methods remained within the range of prompt-
level variation. These results indicate that the ob-
served elicitation effects cannot be attributed to a
particular wording, role formulation, or step de-
scription.

Verbosity and parsing controls. To ensure that
differences in response length or structure did not
affect evaluation, all prompt variants required the
final prediction to appear in a fixed, machine-
readable answer field. The answer field contained
only option letters, with multiple selections repre-
sented as comma-separated lowercase letters with-
out spaces. Explanations and intermediate analyses,
when requested, were kept separate from the final
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answer field and were not used for scoring. Con-
sequently, Persona and CoT responses could differ
in reasoning style and verbosity without requiring
method-specific answer extraction rules.

Taken together, these ablations show that the re-
ported results are robust to option ordering, surface-
level instruction phrasing, response verbosity, and
answer extraction. Option randomization intro-
duces only bounded and unsystematic variation,
while semantics-preserving prompt paraphrases
leave the main model and elicitation trends un-
changed. The observed effects therefore reflect
stable model–method interactions rather than arti-
facts of a particular prompt realization or parsing
convention.

E.4 Cross-Model Diagnostic Replication

Representation Geometry and Regional Sepa-
ration. To examine whether the representation-
level pattern observed in Section 6.1 generalizes
beyond GLM-4, we repeat the semantic-space anal-
ysis on Qwen3 and SeaLLMs-V3. We construct a
paired representation space that directly compares
region-specific inputs against their standardized
counterparts. For each evaluated model, we formu-
late a consolidated text corpus by aggregating infor-
mal instances and their formal equivalents across
all five target regions: Mainland China, Singapore,
Taiwan, Hong Kong, and Malaysia. To obtain the
formal equivalents, we used the prompt provided
in Table 15 to instruct Claude-haiku-4.5 to con-
vert informal region-specific Chinese expressions
into standardized Chinese expressions. The con-
verted outputs were then reviewed and revised by
annotators from the corresponding regions, who
conducted external knowledge searches when nec-
essary to reduce interpretive uncertainty and ensure
the fluency, accuracy, and semantic consistency of
the standardized texts. Formally, we define this
dataset as:

D = (xi, ri, si)i = 1N (2)

where xi represents the input text, ri denotes
the region label, and si ∈ {informal, formal} in-
dicates the stylistic formulation. To construct
the semantic space, we extract sentence-level em-
beddings from the final hidden layer of each
respective model. Given a tokenized input se-
quence xi → (ti1, ti2, . . . , tiLi), we perform a
forward pass to obtain the hidden states Hi =
[hi1, hi2, . . . , hiLi ] ∈ RLi×d, where d is the

model’s hidden dimension. To derive a single vec-
tor representation while ignoring padded tokens,
we apply attention-mask-aware mean pooling over
the sequence:

h̄i =

∑
j = 1Limijhij∑Li

j=1mij

(3)

where mij ∈ {0, 1} acts as the attention mask cor-
responding to the j-th token. This pooled represen-
tation is subsequently L2-normalized to yield the
final semantic vector:

ei =
h̄i

||h̄i||2
(4)

These vectors are compiled across the entire dataset
to produce the global embedding matrix E ∈
RN×d. To visualize and quantify regional seman-
tic separation, we project these high-dimensional
embeddings into a shared three-dimensional space.
Crucially, rather than fitting separate transforma-
tions for each region, we fit a single Principal Com-
ponent Analysis (PCA) jointly over the concate-
nated embeddings of all regions and styles within a
given model, ensuring that the resulting geometric
distances are directly comparable. We centralize
the global embedding matrix as Ẽ = E − 1µ⊤,
where µ = 1

N

∑N
i=1 ei, and compute the covari-

ance matrix:

C =
1

N − 1
Ẽ⊤Ẽ (5)

By solving for the eigenvectors corresponding to
the top three eigenvalues (λ1 ≥ λ2 ≥ λ3), we
obtain the projection matrix W3 = [v1, v2, v3] ∈
Rd×3. The projected 3D coordinates for each sam-
ple are therefore given by:

zi = ẽiW3 = (PC1i, PC2i, PC3i) (6)

where the first principal component (PC1) captures
the maximum global semantic variance. Finally, to
systematically analyze the geometric displacement
between informal regional expressions and their
standardized equivalents, we compute region-style
centroids by averaging the projected coordinates:

cr, s =
1

|Ir, s|
∑

i ∈ Ir, szi (7)

where Ir, s = i | ri = r, si = s. By mapping
these centroids and their respective data mani-
folds within the same projected space, we can ob-
serve whether lexical normalization successfully
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collapses geometric distance, or if structural and
contact-induced written features cause certain re-
gions to remain uniquely isolated.

As shown in Figures 10 and 11, Qwen3 and
SeaLLMs-V3 exhibit representation-geometry pat-
terns that closely mirror the GLM-4 results in Sec-
tion 6.1. Under the unified Simplified-script setting,
formalized expressions from all regions occupy rel-
atively proximate semantic spaces. For Qwen3, the
formal MMD2 values range from 0.038 to 0.114
(Tables 16), and for SeaLLMs-V3 they range from
0.039 to 0.106 (Tables 17). The same convergence
is also observed for most informal Simplified in-
puts: Taiwan, Singapore, Mainland China, and
Malaysia remain below 0.15 in both models. Hong
Kong is the clear exception. Its informal Simpli-
fied MMD2 reaches 0.602 for Qwen3 and 0.693
for SeaLLMs-V3, far above the corresponding val-
ues for other regions. This reproduces the GLM-4
pattern, where Hong Kong informal expressions re-
main geometrically separated even after conversion
to Simplified Chinese.

The Traditional-script and cross-script condi-
tions further clarify this effect. For Hong Kong, the
original informal Traditional inputs remain strongly
separated in both Qwen3 and SeaLLMs-V3, with
MMD2 values of 1.156 and 1.267, respectively.
In contrast, formalizing Hong Kong inputs into
a more standardized written form substantially re-
duces their distance when the output remains in Tra-
ditional script, yielding values of 0.237 for Qwen3
and 0.220 for SeaLLMs-V3. Taiwan shows a dif-
ferent pattern: although its Traditional inputs can
be separated at the representation level, its formal-
ized Traditional condition is much closer to the cor-
responding informal Traditional space, especially
under the cross-condition comparison, where both
Qwen3 and SeaLLMs-V3 obtain an MMD2 value
of 0.097. This contrast supports the claim in Sec-
tion 6.1 that Hong Kong and Taiwan Traditional
Chinese should not be treated as the same surface
phenomenon.

Overall, the additional Qwen3 and SeaLLMs-
V3 results strengthen the interpretation drawn from
GLM-4. Script variation is a salient organizing
factor in the embedding space, but it does not
fully explain regional difficulty. Formalization and
script unification generally collapse regional dis-
tances, suggesting that the models encode stan-
dardized Chinese varieties more similarly. How-
ever, Hong Kong remains an outlier across all
three representative models, indicating that its dif-

ficulty is tied not only to Traditional script but also
to Cantonese-influenced vocabulary, syntax, and
Hong Kong-specific written conventions. By con-
trast, the smaller MMD2 values for Taiwan, Singa-
pore, Mainland China, and Malaysia suggest that
their errors are less likely to arise from global rep-
resentation displacement alone, and are more plau-
sibly associated with localized lexical grounding,
sociocultural inference, and downstream answer
selection.

Figure 10: Semantic space visualization. PCA pro-
jection of regional expressions and their standardized
counterparts (Qwen).

Figure 11: Semantic space visualization. PCA pro-
jection of regional expressions and their standardized
counterparts (SeaLLM).

Attention–Performance Mismatch. To assess
whether the attention-based finding in Section 6.2
generalizes beyond GLM-4, we repeat the marker-
level attention analysis on Qwen3 and SeaLLMs-
V3. As shown in Figures 12 and 13, both mod-
els assign non-negligible attention mass to region-
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specific marker tokens, especially in middle-to-late
layers. This indicates that localized lexical cues are
not simply ignored during model processing.

However, Tables 18 and 19 show that marker
salience does not reliably translate into semantic
grounding. For Qwen3, Singapore receives the
highest average marker attention among the four
analyzed regions (0.0034), but it has the lowest
gold-answer probability (0.178), the lowest expla-
nation accuracy on incorrect cases (E× = 33.0),
and the highest grounding-failure share (G = 0.67).
By contrast, Taiwan receives slightly lower marker
attention (0.0030), yet achieves the highest gold-
answer probability (0.397), the highest E× (57.2),
and the lowest grounding-failure share (G =
0.43). SeaLLMs-V3 shows the same pattern more
strongly: Singapore again has the highest marker
attention (0.0058), but the lowest gold-answer prob-
ability (0.058), very low E× (8.1), and the high-
est grounding-failure share (G = 0.92), whereas
Taiwan has lower marker attention (0.0045) but
substantially better gold-answer probability (0.291)
and lower grounding-failure share (G = 0.79).

The Mainland subset further suggests that dense
localized cues can introduce an additional composi-
tional burden. Mainland items contain the highest
marker density in both tables (2.92 terms per sam-
ple). For Qwen3, the model often explains terms
correctly on correct items (E✓ = 85.8), but its
gold-answer probability remains lower than Tai-
wan’s, suggesting that recognizing individual mark-
ers is not always sufficient for composing the final
region-licensed interpretation. For SeaLLMs-V3,
both explanation accuracy and gold-answer proba-
bility are much lower, indicating a stronger break-
down under the same dense-marker condition.

The Qwen3 and SeaLLMs-V3 results corrobo-
rate the conclusion of Section 6.2 rather than intro-
ducing a separate pattern. Across model capability
levels, regional Chinese failures are not primarily
explained by an attention blind spot. Instead, mod-
els often detect localized markers but fail to consis-
tently ground them in region-appropriate meanings
and propagate those meanings into downstream
answer selection.

Forced-Choice Calibration across Regions. We
further extend the forced-choice decoding calibra-
tion analysis to Qwen3 and SeaLLMs-V3 to ex-
amine whether the calibration pattern identified in
Section 6.3 generalizes across model families. For
each multiple-choice question, we evaluate the set
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Figure 12: Layer-wise attention mass assigned to region-
specific marker tokens across regional Chinese varieties
(Qwen).
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Figure 13: Layer-wise attention mass assigned to region-
specific marker tokens across regional Chinese varieties
(SeaLLM).

of all valid answer combinations, denoted as Y ,
including single options, option pairs, higher-order
combinations, and all-choice candidates. Given
a prompt x, we compute the raw conditional log-
likelihood s(y) for each candidate sequence y ∈ Y .
These candidate scores are then normalized into
predictive probabilities using a temperature-scaled
softmax:

p(y | x;T ) = exp(s(y)/T )∑
y′∈Y exp(s(y′)/T )

, (8)

where T denotes the temperature parameter.
We set T = 1.0, which corresponds to the orig-
inal forced-choice confidence, while varying T
provides a post-hoc transformation of the candi-
date score distribution. We restrict the tempera-
ture range to T ∈ [0.5, 2.0] to avoid extremely
low temperatures. Such temperatures would ar-
tificially sharpen the distribution, amplify score
gaps, and push the top-candidate probability toward
one, causing the scaling operation itself to domi-
nate the Expected Calibration Error (ECE) (Guo
et al., 2017) rather than revealing the model’s na-
tive decoding confidence. Predictions correspond
to the highest-probability candidate, with accuracy
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measured by exact match against the gold stan-
dard. Because this protocol ranks candidate answer
combinations by conditional likelihood rather than
parsing generated responses, the resulting forced-
choice accuracy is used only to contextualize cal-
ibration metrics and is not directly comparable to
the generated-answer zero-shot accuracy reported
in Tab. 1.

As shown in Figures 14 and 15, both models
exhibit overconfident miscalibration. Increasing
the temperature T generally softens the predic-
tive distributions and reduces calibration errors on
average, while leaving exact-match accuracy un-
changed. However, the reductions are not strictly
monotonic for every SeaLLM region-metric pair,
especially at higher temperatures. This indicates
that temperature scaling primarily softens the mod-
els’ predictive distributions rather than improving
their underlying regional comprehension.

As shown in Table 21, for Qwen3, the Singa-
pore subset constitutes the most pronounced case
of confidence misalignment. At T = 1.0, Qwen3
achieves only 6.41% accuracy on Singapore items,
yet assigns an average confidence of 0.7894, re-
sulting in the highest ECE, multiclass Brier score,
and NLL among all regions, at 0.7253, 1.4368,
and 5.9073, respectively. Although increasing the
temperature to T = 2.0 reduces the severity of mis-
calibration, the ECE remains substantially elevated
at 0.5935, suggesting that the model continues to
place excessive probability mass on incorrect candi-
dates. A similar pattern emerges for SeaLLMs-V3,
as reported in Table 22, albeit with a weaker degree
of overconfidence. Its average ECE decreases from
0.2519 at T = 1.0 to 0.1034 at T = 2.0, showing
that the forced-choice distribution becomes bet-
ter calibrated after temperature scaling. Neverthe-
less, Singapore again remains the most difficult
region: at T = 1.0, SeaLLMs-V3 obtains an ECE
of 0.4240, a Brier score of 1.1123, and an NLL of
3.0376, despite an accuracy of only 3.50% and an
average gold-answer probability of 0.0928.

These results reinforce the conclusion of Sec-
tion 6.3, indicating that regional comprehension
failures are accompanied by confidence distortions
that are not specific to GLM-4, but recur across
models with different capability levels. Tempera-
ture scaling can partially correct the probabilistic
sharpness of the output distribution, yet it cannot
alter the ranking of candidate answers or repair up-
stream failures in regional identification, localized
lexical interpretation, and compositional reason-

ing. The calibration gap therefore provides a cross-
model probabilistic signature of confidence without
understanding in regional Chinese reasoning. We
provide the exact numerical values corresponding
to Figure 5 for GLM4 in Section 6.3 in Table 20.

0.20

0.40

0.60

0.80

E
C

E

0.50

1.00

1.50

M
ul

tic
la

ss
 B

ri
er

 S
co

re

0.5 0.8 1.0 1.2 1.5 2.0
Temperature

5.00

10.00
N

LL

Mainland
Singapore

Taiwan
HongKong

Malay

Figure 14: Temperature-scaled decoding calibration
using forced-choice candidate likelihoods (Qwen).

0.00

0.20

0.40

0.60

E
C

E

0.75

1.00

1.25

1.50

M
ul

tic
la

ss
 B

ri
er

 S
co

re

0.5 0.8 1.0 1.2 1.5 2.0
Temperature

2.00

3.00

4.00

5.00

N
LL

Mainland
Singapore

Taiwan
HongKong

Malay

Figure 15: Temperature-scaled decoding calibration
using forced-choice candidate likelihoods (SeaLLM).

E.5 Statistical Inference for Surface,
Semantic, and Script Effects

To complement the exploratory analysis in Sec-
tion 6.4, we provide formal uncertainty quantifica-
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tion for the surface-feature, semantic-domain, and
script-conversion effects reported in Fig. 6. Rather
than re-estimating these effects, our aim is to char-
acterize their statistical reliability and to identify
which patterns are most robust.

Pooled regression setup. We model regional
Chinese understanding as item-level zero-shot cor-
rectness. For item i and model m, the response vari-
able is yi,m = ⊮[parsedi,m = goldi]. The pooled
analysis combines the three representative models
used in our mechanistic study (Qwen3-30B, GLM-
4-32B, SeaLLMs-v3-7B). For text and structural
features, we fit a logistic regression with model
fixed effects,

P (yi,m = 1) = σ
(
β0 + z⊤i β + µm

)
,

where σ(·) is the logistic function, zi denotes stan-
dardized surface features (Latin-script ratio, code-
switch count, text length, and regional marker
count), and µm captures model fixed effects. Each
numeric feature is standardized as zij = (xij −
µj)/σj , so that every coefficient reflects the change
in log-odds of correctness associated with a one-
standard-deviation increase in the corresponding
feature. Following the protocol of Section 6.4, the
text and structural analysis covers Mainland China,
Singapore, Malaysia, and Taiwan, yielding 6,261
model–item observations; Hong Kong is excluded
because its regional-marker statistics are not di-
rectly comparable under the same vocabulary con-
struction procedure.

Semantic-domain effects. For semantic do-
mains, we report counterfactual logit shifts rather
than dummy coefficients tied to an arbitrary refer-
ence category. Let the global zero-shot accuracy
be A = N−1

∑
i,m yi,m. For each domain k, we

construct a counterfactual in which all items are
assigned to k while remaining covariates are held
fixed, and compute

p̄k =
1

N

∑

i,m

P̂ (yi,m = 1 | di = k),

∆k = logit(p̄k)− logit(A).

Positive ∆k indicates a domain associated with
higher predicted correctness than the global base-
line; negative ∆k indicates greater predicted diffi-
culty.

Uncertainty estimation. Standard errors, 95%
confidence intervals, and bootstrap p-values are
obtained from 1,000 bootstrap resamples. We addi-
tionally report Benjamini–Hochberg false discov-
ery rate (FDR) adjusted q-values within each anal-
ysis scope. For script conversion, where every orig-
inal item is paired with its script-converted coun-
terpart, we further apply paired McNemar exact
tests. All coefficients are interpreted as associa-
tions rather than causal effects.

Text and structural feature inference. The in-
ference results corroborate the main-text finding
that text length and localized lexical density emerge
as the most robust text and structural predictors.
Among the four text and structural features, text
length is the only effect that remains significant
after FDR correction, with a standardized logit co-
efficient of +0.159, 95% CI [0.069, 0.260], and ad-
justed q = 0.008, indicating that items with richer
contextual information are reliably associated with
higher correctness. Regional marker count shows
a negative association with correctness (−0.068,
95% CI [−0.133,−0.007], q = 0.064), narrowly
missing the FDR threshold but directionally con-
sistent with the interpretation that denser region-
specific lexical cues impose additional grounding
demands.

The remaining features follow the directions
shown in Fig. 6 but have uncertainty intervals
overlapping zero. Latin-script ratio is negatively
associated with correctness (−0.045, 95% CI
[−0.169, 0.082], q = 0.626), consistent with the in-
terpretation that Latin-script surface forms impose
additional regional-grounding demands. Code-
switch count shows a near-zero aggregate coef-
ficient (−0.005, 95% CI [−0.130, 0.120], q =
0.911), reflecting the region-dependent direction
of its effect noted in Section 6.4: code-mixing fa-
cilitates regional identification in Singapore and
Malaysia but acts as noise in Mainland China and
Taiwan, so the pooled estimate cancels out. These
effects do not survive multiple-testing correction
and should be read as directionally consistent rather
than statistically conclusive.

Semantic-domain inference. Semantic-domain
inference likewise supports the broader conclusion
that regional Chinese difficulty is domain depen-
dent. The strongest and most reliable effect appears
in law, safety, and security, with a counterfactual
logit shift of 0.371, bootstrap standard error 0.114,
95% CI [0.153, 0.585], and adjusted q = 0.030.
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This suggests that institutionalized and knowledge
based domains are associated with higher predicted
correctness.

The remaining domain effects are directionally
consistent with Section 6.4. Domains grounded in
everyday local practice, including daily social life,
food and dining, education, finance and consump-
tion, transport and travel, and work and business,
all show negative point estimates. In contrast, more
institutional or knowledge based domains, includ-
ing government and public services, healthcare and
wellbeing, culture, history, and identity, and tech-
nology, gaming, and internet, show positive point
estimates. Although these individual effects do not
remain significant after correction, the consistent
direction of the estimates supports the interpreta-
tion that models perform better on standardized do-
mains and worse on domains that rely more heavily
on local routines, community norms, and region
specific pragmatic conventions.

Script-conversion effects. Script conversion is
analyzed separately because its effect is inherently
region dependent. For each region r, we compute
the original and script-swapped accuracies

Aorig,r =
1

Nr

∑

i

yorigi,r ,

Aswap,r =
1

Nr

∑

i

yswapi,r ,

and report both the accuracy difference ∆Ar =
Aswap,r − Aorig,r and the logit-scale conversion
effect ∆r = logit(Aswap,r)− logit(Aorig,r).

At the aggregate level, script conversion pro-
duces only a small effect, consistent with the main
text: simplified-to-traditional conversion yields a
near-zero logit shift of −0.006, and traditional-to-
simplified conversion a negative but non-significant
shift of −0.045. This aggregate pattern, however,
masks pronounced region-specific asymmetries.

The region-level analysis identifies Hong Kong
as carrying the largest negative conversion effect.
Converting Hong Kong items from traditional to
simplified Chinese reduces accuracy from 10.19%
to 8.08%, corresponding to a logit shift of −0.256
with a 95% bootstrap CI of [−0.525,−0.022]. This
effect does not survive FDR correction and the
paired McNemar test is marginal, but it provides
directional evidence consistent with the interpre-
tation that traditional script functions as part of
a broader Hong Kong regional signal: when this

cue is removed, the surface form becomes less
aligned with the remaining Hong Kong-specific
lexical, syntactic, and contact-induced written fea-
tures. Taiwan exhibits the opposite direction,
with a marginal accuracy increase from 61.01% to
61.57% after traditional-to-simplified conversion
(logit shift +0.024). Mainland China and Malaysia
show small negative effects under simplified-to-
traditional conversion, while Singapore shows a
small positive effect; none of these region-level
intervals, apart from Hong Kong’s, exclude zero.
Taken together, the script-conversion results rein-
force the qualitative conclusion of Section 6.4: the
aggregate impact of script conversion is limited,
but script cues interact with regional distributions
in a non-uniform way, with the clearest degradation
concentrated in Hong Kong and a slight positive
shift in Taiwan.

Overall, the additional inference reinforces the
main conclusion of Section 6.4: regional Chinese
understanding failures arise from the joint interac-
tion of localized lexical burden, region-dependent
script signals, and semantic-domain dependency.
Among the text and structural features, regional
marker count is the clearest directional negative pre-
dictor, although it narrowly misses FDR correction,
suggesting that dense localized lexical cues im-
pose an additional grounding burden. The strongest
statistically reliable positive domain effect is law,
safety, and security, consistent with the observation
that more institutionalized domains are easier for
models. Other surface, domain, and script-related
effects are best interpreted as directionally con-
sistent evidence that complements the exploratory
coefficient analysis in Fig. 6.

F Qualitative Error Case Studies

The qualitative cases presented in Figures 16 and
17 further illustrate how the established error cat-
egories manifest during model reasoning. These
instances demonstrate that failures in regional Chi-
nese comprehension extend beyond simple knowl-
edge deficits and operate instead across multiple
linguistic and cognitive dimensions.

Terminology Understanding Failures. As il-
lustrated by the Qwen3-30B output regarding Sin-
gaporean and Malaysian coffee terminology (see
Figure 16), direct failures in regional vocabulary
grounding remain prevalent. While the model suc-
cessfully identifies kopi as a localized Southeast
Asian loanword for coffee, it erroneously maps
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Model Question Model output Error Type

Qwen3-

30B

"你在聊天中听到以
下句子，请选出下列
合理回复的选项。
"第一次喝kopi的话，
我会推荐喝kopi po。
"

(a) 对，第一次喝的
话最好选咖啡味淡一
点的比较好。
(b) 喝咖啡加这么多
水还不如不喝。
(c) 对呀，喝冰的话
不会太刺激。
(d) 我觉得这样不错，
加了奶油的咖啡会比
较顺口。"

The key term in the sentence is “kopi”, which is a loanword from Malay/Indonesian meaning “coffee”. 

This term is commonly used in Southeast Asian contexts, particularly in Singapore and Malaysia, 

where “kopi” refers to a traditional coffee drink. The phrase “kopi po” is a colloquial expression in 

Singlish (Singaporean English) and Malay-influenced speech, where “po” is a suffix used to denote a 

specific type or variant.

In this context, “kopi po” refers to “kopi peng” or “kopi o”, which are types of coffee with varying 

strength and ingredients. Specifically, “kopi po” or “kopi o” is a strong black coffee with no sugar and 

no milk, often described as “plain” or “strong” coffee.

The phrase “第一次喝kopi的话，我会推荐喝kopi po” translates to: “If this is your first time 

drinking kopi, I’d recommend trying kopi po.”

This implies that for a first-timer, a stronger, simpler version is recommended, likely because it is 

more authentic or easier to adjust to.

The use of “kopi” as a standalone term for coffee, especially in the context of “kopi po”, is a hallmark 

of Singaporean and Malaysian colloquial speech. The term “kopi” is not used in standard Mandarin 

Chinese in Mainland China, nor in formal written Chinese in Taiwan or Hong Kong. In Hong Kong, “
咖啡" is used instead. In Taiwan, “咖啡” is also the standard term.

In Malaysia and Singapore, “kopi” is deeply embedded in daily language and culture, especially in 

hawker centers and local coffee shops. The grammatical structure “第一次喝kopi的话” is also typical 

of Singaporean Mandarin, where English or Malay loanwords are integrated into Chinese syntax. 

Therefore, the most likely source region is Singapore.

(a) “对，第一次喝的话最好选咖啡味淡一点的比较好。”

This suggests that a lighter coffee is better for first-timers. However, the original sentence 

recommends “kopi po”, which is a strong black coffee. Therefore, this contradicts the intended 

meaning. Incorrect.

(b) “喝咖啡加这么多水还不如不喝。”

This implies that adding too much water makes the coffee ineffective. But “kopi po” is not necessarily 

“watered down”; it is strong and black. This misinterprets the nature of the drink. Incorrect.

(c) “对呀，喝冰的话不会太刺激。”

This suggests that drinking it cold makes it less stimulating. This is plausible because cold coffee, or 

“kopi ais”, is often perceived as less intense than hot coffee and is commonly recommended for first-

timers in Singapore. While the original sentence does not specify temperature, “kopi po” is often 

served iced in Singapore, and the cooling effect may make it more approachable. This aligns with 

local practice and is a reasonable interpretation. Correct.

(d) “我觉得这样不错，加了奶油的咖啡会比较顺口。”

This refers to adding cream, which is not part of “kopi po”. “Kopi po” is typically plain, without milk 

or cream. Adding cream would make it “kopi susu” or “kopi c”, not “kopi po”. This misrepresents the 

drink. Incorrect.

Only option (c) is consistent with the regional linguistic and cultural context.

Answer: {c}

Lack of 

vocabulary 

knowledge

Figure 16: Qualitative examples of model reasoning failures and their corresponding error types.
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Model Question Model output Error Type
GLM-4-

32B

你在聊天中听到以下
句子，请选出下列回
复中理解有误的选项。
"做工赚的钱虽然不
多，但还够用。"

(a) 你真的是太辛苦
了，一放假就去做
part-time。
(b) 这种手工艺品要
是加入自己的设计的
话，还是能把价格提
一提的。
(c) 有时间还是少做
这种体力劳动，多花
点时间充实自己。
(d) 这件衣服的做工
很细致啊，不应该赚
这么少钱的。

Option (d) misunderstands the original sentence.

The original sentence, “做工赚的钱虽然不多，但还够用”, refers to the speaker earning a small 

amount of money from their labor or work, “做工”, which is sufficient for their needs.

Option (d) talks about the fine craftsmanship, “做工很细致”, of a piece of clothing and suggests that 

the person should not earn so little. This mixes up the context. The original statement is about the 

speaker’s own earnings from their work, not about evaluating the craftsmanship of an item or 

criticizing the payment for making a specific product.

The other options, (a), (b), and (c), are plausible because:

(a) Shows empathy for the speaker’s situation.

(b) Offers a suggestion related to improving earnings from craftwork.

(c) Offers advice, although potentially unsolicited, related to the speaker’s current situation involving 

physical labor. 

Answer: {d}

Semantic 
divergence

Ministra

l-3-14B

「我考慮買居屋，首
期易儲啲。」以下邊
啲回應係合理嘅？

(a) 你係綠表定白表？
(b) 你知居屋有政府
補貼，平過市價

(c) 你話買居屋要抽
籤
(d) 你覺得比起私樓，
居屋真係平好多

句子「我考慮買居屋，首期易儲啲。」的意思與選項解釋如下：
「首期易儲啲」（粵語）指首期成本較低、較省錢。在香港地產情境下，居屋通常比私樓實
用樓面總價較低，加上政府補貼或特定優惠機制，買主可節省首期成本。
(d) 你覺得比起私樓，居屋真係平好多最符合句子含義：「平」等於便宜，「首期易儲啲」等
於較省錢，重點在相對私樓較平易近人、合算。
其他選項為什麼不適合？
(a) 綠表/白表：指香港公屋租務系統，與居屋（政府出售產權樓）沒有直接關係（居屋是買賣
項目，非租務）。
(b) 政府補貼：雖然政府在居屋交易中設有補貼或資助，但句子重點並未直接提及補貼詳情，
而是強調首期較易儲錢（即整體成本的相對便宜）。
(c) 抽籤：香港政府居屋出售並不會抽籤；抽籤僅適用於租務公屋的輪候分配，句子中未提到
此情境。
簡而言之：句子核心是比較居屋 vs. 私樓的價值感，強調「居屋較平易近人」，因此 (d) 最準
確。

Sociocultur

al Inference 

Failures

Figure 17: Qualitative examples of model reasoning failures and their corresponding error types.

“kopi po” to a strong black coffee and conflates it
with variants such as “kopi o” or “kopi peng”. This
lexical hallucination propagates through the reason-
ing chain. The model rejects the correct response,
which accurately captures the lighter flavor profile
denoted by the suffix po, in favor of an irrelevant
option concerning iced coffee. This case exem-
plifies a fundamental terminology understanding
error where partial recognition of a regional marker
induces a superficially plausible yet semantically
invalid mapping.

Semantic Divergence. The GLM-4-32B out-
put detailed in Figure 16 demonstrates the nuances
of semantic divergence and highlights that errors
often arise not from an absolute lack of vocab-
ulary knowledge but from an inability to disam-
biguate meaning across registers. In the Singapore
and Malaysia context, the term “做工” commonly
means “working” or “being employed,” whereas in
Mainland Mandarin it more typically denotes the
craftsmanship or workmanship of a manufactured
object. Although the model initially parses the lo-
calized meaning correctly within the premise, it
fails to preserve this region-specific interpretation
during candidate evaluation. Instead, it incorrectly
accepts a distractor that shifts the semantic frame

toward handicraft production and craftsmanship,
reflecting the more standardized interpretation of
the term. This vulnerability suggests that the model
cannot consistently sustain region-sensitive disam-
biguation, allowing competing standardized senses
to interfere with its reasoning process. The case
therefore supports our broader observation that re-
gional understanding errors frequently stem from
unresolved semantic shifts rather than simple vo-
cabulary gaps.

Sociocultural Inference Failures. Finally, the
Ministral-3-14B evaluation of Hong Kong housing
terminology, also shown in Figure 17, exposes a
severe sociocultural inference failure. Although
the model correctly deduces that “居屋 ”, referring
to Home Ownership Scheme flats, are more afford-
able than private real estate, it categorically rejects
valid responses referencing Green and White forms,
government subsidies, and balloting procedures.
By dismissing these institutionally grounded mech-
anisms as irrelevant or false, the model reveals that
its failure is not strictly lexical. As observed in
stronger models where sociocultural errors account
for a larger share of remaining mistakes, the model
lacks the requisite local policy knowledge to situate
the utterance within the specific subsidized housing

16798



framework of Hong Kong.
These qualitative instances confirm that regional

Chinese comprehension deficits operate at multi-
ple levels. Models struggle to recover the precise
semantics of localized markers, frequently con-
flate regionally divergent senses of otherwise fa-
miliar expressions, and routinely fail to integrate
the shared social assumptions necessary for prag-
matic appropriateness. Consequently, robust gen-
eralization across regional varieties demands more
than superficial lexical recognition. It requires the
stable grounding of localized expressions within
their authentic sociolinguistic environments and
institutional contexts.
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Stage 1: Category Distribution

Review the semantic category distribution agreed upon during group discussion before you begin. Maintain the target
proportions throughout annotation and adjust your item selection periodically. Do not over-annotate in any single
category, as balanced coverage across categories is essential for dataset diversity.

Stage 2: Expression Verification

Verify the meaning and usage conditions of every region-specific expression, colloquialism, or slang term through at
least one authoritative reference source, such as Wikipedia, Baidu Baike, regional dictionaries, or news articles.

Stage 3: Cross-Source Verification

If a term’s meaning or usage remains unclear after consulting one source, verify it against at least two independent
sources of different types (e.g., a dictionary and a news article). If sources conflict or sufficient evidence cannot be
found, do not use the expression. Do not rely on personal intuition. When in doubt, leave it out.

Stage 4: Item Construction

Each item must include: (1) a context sentence in which the target expression appears naturally, (2) a question probing
its meaning or pragmatic implication, (3) at least one correct answer grounded in verified sources, and (4) a reasonable
number of distractors. Avoid contexts that make the correct answer identifiable without genuine regional knowledge.

Stage 5: Distractor Design

Distractors must be semantically plausible and comparable to the correct answer in form, specificity, and topical rele-
vance. Avoid distractors eliminable through obvious semantic mismatch, unnatural phrasing, contextual implausibility,
or trivial surface-form differences from the correct answer.

Stage 6: Sociocultural and Pragmatic Appropriateness

Place each expression within its appropriate sociocultural and pragmatic context, attending to register, formality, and the
regional community of use. If an expression is restricted to a particular group or setting, provide sufficient contextual
framing. Revise or discard items that require knowledge beyond what a reasonably informed regional speaker would
possess.

Stage 7: Flagging, Review, and Revision

Flag any item with residual uncertainty regarding naturalness, regional specificity, or distractor quality before submission.
If an item is returned after expert review, revise it according to reviewer comments or withdraw it if revision is not
feasible. Consult your team lead for recurring ambiguities not resolved by these guidelines.

Table 6: Annotation guidelines for dataset construction. Annotators are expected to follow all stages described
below in order, from pre-annotation planning through submission and revision.
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Semantic Domain Hong Kong Mainland China Malaysia Singapore Taiwan

Culture, History, and Identity 20 16 58 37 24
Daily Social Life 79 83 30 80 78
Education 46 35 40 30 54
Entertainment, Media, and Sports 54 63 31 22 41
Family and Relationships 22 52 31 15 20
Finance and Consumption 50 31 31 30 26
Food and Dining 45 35 45 96 45
Government and Public Services 18 16 57 35 39
Healthcare and Wellbeing 44 16 31 18 22
Housing and Real Estate 19 20 31 25 17
Law, Safety, and Security 15 20 36 18 25
Technology, Gaming, and Internet 25 74 31 15 20
Transport and Travel 19 16 31 45 43
Work and Business 64 43 31 49 81
Other 0 0 2 0 1

Table 7: Distribution of semantic domains across regions.

Model Model Category Experiments Used

DeepSeek-V3.1 (Liu et al.,
2024)

Chinese-centric model Zero-shot; Persona prompting; Structured CoT prompting

GPT-5.1 Global general-purpose
model

Zero-shot; Persona prompting; Structured CoT prompting

Qwen3-30B (Yang et al., 2025) Chinese-centric model Zero-shot; Persona prompting; Structured CoT prompting;
Mechanistic analysis

ERNIE-4.5-21B (Baidu-
ERNIE-Team, 2025)

Chinese-centric model Zero-shot

GLM-4-32B (Glm et al., 2024) Chinese-centric model Zero-shot; Mechanistic analysis
Baichuan-M2-32B (Dou et al.,
2025)

Chinese-centric model Zero-shot

SEA-LION-v4-27B (Ng et al.,
2025)

Southeast Asia-oriented
model

Zero-shot

SeaLLMs-v3-7B (Zhang et al.,
2025)

Southeast Asia-oriented
model

Zero-shot; Mechanistic analysis

Llama-3.1-8B (Grattafiori et al.,
2024)

Global general-purpose
model

Zero-shot; Persona prompting; Structured CoT prompting

Gemma-7B (Team et al., 2024) Global general-purpose
model

Zero-shot

Ministral-3-14B (Liu et al.,
2026)

Global general-purpose
model

Zero-shot; Persona prompting; Structured CoT prompting

Table 8: Summary of models used in the experiments.
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Zero-shot Prompt

Please answer the following question. Select the correct option(s). Note: The question may be multiple-choice, i.e.,
more than one option can be correct.

{question_and_answer}

Please provide your response in the following format:

ANSWER: [letter(s) of correct option(s), e.g., “a” or “a,c”]

Persona Prompting

You are a Chinese linguistic and cultural expert specializing in the {region} region. You have deep knowledge of
regional Chinese language usage, colloquialisms, cultural context, and pragmatic meaning in everyday conversations.
Please answer the following question. Select the correct option(s) and explain the reason for your choice. Note: The
question may be multiple-choice, i.e., more than one option can be correct.

{question_and_answer}

Please provide your response in the following format:

ANSWER: [letter(s) of correct option(s), e.g., “a” or “a,c”]

Structured CoT Prompting

You are evaluating a Chinese multiple-choice question based on regional linguistics.

Analyze the <question> using the following criteria:

1. Region: Identify the most likely source: Mainland China, Hong Kong, Taiwan, Singapore, or Malaysia.

2. Localized Terms: Extract region-specific expressions, including dialects, slang, and transliterations. Map each to
standard Chinese or briefly explain it. If none exist, output - None.

3. Answer: Select all correct options based purely on linguistic meaning, not stereotypes.

<question>
{question_and_answer}
</question>

Output strictly using the exact template below. Ensure the final Answer contains only lowercase letters, comma-separated
with no spaces if multiple options are correct, e.g., {{a,c}}.

Region: <region>
Localized Terms:
- <term> -> <standard equivalent OR explanation>
Answer: {{<options>}}

Table 9: Prompts used in three prompting settings. The same question field {question_and_answer} is filled at
inference time. The persona prompt additionally uses the target region field {region}.
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Model EC TE

Claude-haiku-4.5 76% 78%
Gemini-3.1-flash 76% 73%
GPT-5.4 83% 85%
Multi-model voting 84% 87%

Table 10: Human–model agreement ratios. EC denotes
Error Classification, and TE denotes Terminology Ex-
planation.
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Answer with Explanation Prompt
Please answer the following question. Select the correct option(s) and explain the reason for your choice. Note: The question
may be multiple-choice, i.e., more than one option can be correct.
{question_and_answer}
In your explanation, if there are any region-specific words, localized expressions, dialectal terms, or culturally specific
references in the question or options, explain their meanings in context and use them to support your reasoning.
Please provide your response in the following format:
ANSWER: [letter(s) of correct option(s), e.g., “a” or “a,c”]
EXPLANATION: [your reasoning for why these options are correct or incorrect]

Lexical Interpretation Correctness Judging Prompt
System Prompt:
You are a strict evaluator of lexical interpretation in Chinese multiple-choice question answering explanations.
Your task is to judge whether the explanation correctly interprets the meanings of key words, regional expressions, slang,
code-switched expressions, local institutional terms, or culturally localized phrases that appear in the question.
Judging rules:
1. Do not use or infer any hidden gold answer. Judge only from the visible question/options and the explanation text.
2. Do not evaluate whether the model selected the correct option. The answer section has been removed intentionally.
3. Return true only if the explanation’s explicit lexical interpretations, glosses, paraphrases, or semantic claims about key

expressions are correct.
4. Return false if the explanation misinterprets any key term, regional expression, slang, code-switched expression, local

institution, or culturally localized phrase.
5. Return false if the explanation invents a meaning that is not supported by the question text or gives a misleading lexical

gloss.
6. If the explanation contains no meaningful lexical interpretation or term-level semantic analysis, return false.
7. Minor omissions are acceptable if the lexical interpretations that are present are correct and sufficient for the relevant

phrase being discussed.
Output strictly as JSON: { “Lexical_Interpretation_correctness”: true } or {
“Lexical_Interpretation_correctness”: false }
User Prompt:
Please judge whether the explanation correctly interprets the vocabulary and key expressions in the question.
The model’s answer section has been removed. Do not judge answer correctness.
Do not assume or use any gold answer. Do not infer correctness from a hidden answer key.
Return JSON only. Do not output explanations.
Question: {question_text}
Model explanation with the ANSWER section removed: {explanation_text}

Error Classification Prompt
You are an expert annotator for regional Chinese multiple-choice QA errors.
Task: Given a question, the gold answer, the model’s wrong parsed answer, and the model’s chain-of-thought / reasoning
output, classify the primary cause of the error into exactly one of three categories:
1. {TERMINOLOGY}

Use this when the model’s reasoning shows that it misunderstood a regional lexical item, colloquial expression, loanword,
slang, literal meaning, option wording, or phrase-level semantics.
This includes wrong glosses, wrong paraphrases, confusing one local term with another, or treating a region-specific
expression as a different word.

2. {SOCIOCULTURAL}
Use this when the model appears to understand the words literally but lacks the necessary regional cultural, institutional,
historical, social, policy, food-practice, local-custom, geography, or everyday background knowledge.
This includes missing how a local object, institution, social practice, place, policy, role, or cultural convention works.

3. {OTHERS}
Use this only when the wrong answer is not primarily caused by regional terminology misunderstanding or missing
sociocultural background.
This includes arithmetic mistakes, careless reasoning, logical inconsistency, hallucinated facts unrelated to regional
Chinese, option-selection mistakes, incomplete reasoning, generic world-knowledge errors, parsing/formatting artifacts,
or cases where the COT does not provide enough evidence to support either of the two regional-understanding categories.

Decision rule:
• If both are present, choose the single most direct cause of the wrong answer according to the model’s own reasoning.
• Use {OTHERS} for generic parsing or formatting errors unless the COT clearly indicates terminology misunderstanding or

sociocultural background as the root cause.
• Prefer {OTHERS} over forcing a regional-understanding label when the evidence is ambiguous or insufficient.
• The model’s answer is known to be wrong; do not re-solve the whole task unless needed to identify the failure mode.

Output only a JSON object with exactly these keys:
{“error_type”: “{TERMINOLOGY}” or “{SOCIOCULTURAL}” or “{OTHERS}”,
“confidence”: a number from 0 to 1,
“reason”: “one concise sentence explaining the classification”,
“evidence”: “a short phrase from the COT or question supporting the classification” }

Table 11: Prompts used for answer explanation generation, lexical interpretation correctness judging, and error
classification. Fields enclosed in {...} are filled at inference time.
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Diagnostic Input Information Accuracy (%)

Source-region prediction
Surface region classifier Surface + lexical features 94.3

Correct answer-set prediction
Uniform random exact match None 6.6
Gold-cardinality random Gold set size only 21.7
Global majority answer Dataset answer prior 12.8
Region majority answer Gold region only 20.5
Surface logistic classifier Surface + lexical features 20.5
Surface + region classifier Surface + lexical features + region 22.1
Surface + region + cardinality classifier Surface + lexical features + region +

gold set size
31.6

Vocabulary overlap
Mean off-diagonal Jaccard Regional vocabularies 0.004
Maximum off-diagonal Jaccard Singapore–Malaysia 0.02

Table 12: Surface-artifact control analysis. Region prediction uses only surface and lexical features. Answer-set
prediction tests whether the same features leak the correct option set.

Model Method P1 P2 P3 σ Shuffle ∆ Zero-shot

GPT-5.1 CoT 75.35 74.11 75.73 0.85 75.95 +0.60 69.9
Persona 71.88 68.96 70.12 1.47 73.95 +2.07 69.9

DeepSeek-V3.1 CoT 71.97 74.31 73.66 1.21 73.16 +1.19 71.6
Persona 73.81 74.13 74.02 0.16 73.15 −0.66 71.6

Qwen3-30B CoT 62.67 64.92 63.58 1.13 60.32 −2.35 61.7
Persona 63.18 63.22 61.75 0.84 64.17 +0.99 61.7

Ministral-3-14B CoT 47.71 46.67 46.81 0.56 48.22 +0.52 48.8
Persona 51.42 52.93 50.78 1.10 51.06 −0.36 48.8

Llama-3.1-8B CoT 29.48 30.02 28.53 0.75 28.64 −0.84 26.4
Persona 33.98 34.13 33.02 0.60 30.17 −3.81 26.4

Table 13: Prompt ablation results averaged over the five regional subsets. P1 denotes the original prompt, while
P2 and P3 denote two semantics-preserving paraphrases. σ is the standard deviation across P1–P3. Shuffle reports
accuracy after randomizing the position of the correct option or options, and ∆ is the difference between Shuffle and
P1. All values are accuracy points.
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Persona Prompting: Variant 1 (P2)

Act as an expert in the Chinese language and culture of the {region} region. You are highly familiar with region-specific
expressions, colloquial usage, cultural conventions, and the intended meanings of everyday communication.
Read the following question carefully and identify all correct option(s). More than one option may be correct. Briefly explain
why you selected those option(s).
{question_and_answer}

Use the following response format:
ANSWER: [letter(s) of correct option(s), e.g., “a” or “a,c”]

Persona Prompting: Variant 2 (P3)

You have specialized expertise in the linguistic and cultural practices of the {region} region, including local varieties of
Chinese, informal expressions, culturally specific knowledge, and pragmatic interpretation in daily conversations.
Based on this expertise, answer the question below by choosing the correct option or options and explaining the reasoning
behind your choice. The question may have multiple correct answers.
{question_and_answer}

Return your answer in this format:
ANSWER: [letter(s) of correct option(s), e.g., “a” or “a,c”]

Structured CoT Prompting: Variant 1 (P2)

You are analyzing a Chinese multiple-choice question that may contain region-specific linguistic features.
Evaluate the question by following these steps:
1. Region: Determine which region the question most likely originates from: Mainland China, Hong Kong, Taiwan,

Singapore, or Malaysia.
2. Localized Terms: Identify any localized expressions, such as dialectal words, slang, or transliterations. For each

expression, provide its standard Chinese equivalent or a brief explanation. If there are no localized terms, output - None.
3. Answer: Choose all correct options according to the linguistic meaning of the question. Do not rely on regional stereotypes.
{question_and_answer}

Follow the exact output format below. The final Answer must contain only lowercase option letters. If multiple options are
correct, separate them with commas and do not include spaces, e.g., {{a,c}}.
Region:
Localized Terms:
• - →
Answer: {{}}

Structured CoT Prompting: Variant 2 (P3)

Your task is to solve a Chinese multiple-choice question by first examining its regional linguistic characteristics.
Process the question in the following order:
1. Region: Infer the most probable regional source from the following candidates: Mainland China, Hong Kong, Taiwan,

Singapore, or Malaysia.
2. Localized Terms: Find expressions that are specific to a particular region, including dialect forms, colloquial slang, and

transliterated words. Convert each expression into standard Chinese or briefly describe its meaning. If no such expressions
are present, output - None.

3. Answer: Select every correct option based only on the meaning conveyed by the language, without making assumptions
based on regional stereotypes.

{question_and_answer}

Return the result strictly in the template below. In the final Answer field, use lowercase letters only. For multiple correct
options, use comma-separated letters with no spaces, for example {{a,c}}.
Region:
Localized Terms:
• - →
Answer: {{}}

Table 14: Semantics-preserving prompt variants used in the instruction-style ablation. Variant 1 and Vari-
ant 2 correspond to P2 and P3, respectively, in Table 13, while P1 denotes the original prompt. The field
{question_and_answer} is filled with the multiple-choice question and its answer options at inference time.
The Persona variants additionally use the target-region field {region}. Surface wording, role framing, and step
descriptions vary across prompt variants, while the task semantics and final answer format remain fixed.
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User Prompt Template (shared across all regions)

Please output the rewritten full text directly.

Text to rewrite:
{{question_and_answer}}

Reference correct answer (for preserving question logic only; do not mention it in the output):
{{reference_answer}} (optional; included only when available)

System Prompt (region-specific variants)

You are a Chinese editor and localization rewriting assistant. Please rewrite the input text into formal, standard, and
natural modern written Chinese (Simplified Chinese).

Requirements:

1. (Region-specific — see region table below) Remove or rewrite the region-specific informal expressions and replace
them with semantically equivalent formal written Chinese, choosing the most natural and context-appropriate
wording.

2. Preserve the original meaning, question type, forms of address, question-and-answer logic, number of options,
option labels (such as (a)(b)(c)), and the intended direction of correct/incorrect understanding.

3. Do not add explanations, analysis, background information, or remove any options.

4. If the original text is already formal, make only the minimum necessary revisions.

5. Maintain a neutral, clear, and polished written style suitable for educational, professional, or formal written
contexts.

6. Do not use archaic, literary, overly bureaucratic, or internet-style language.

7. Output only the fully rewritten text, without titles, quotation marks, notes, or any extra content.

Note: For Hong Kong data, an additional requirement is prepended: “Convert Traditional Chinese characters to
Simplified Chinese.” The Hong Kong variant also adds a requirement to preserve proper nouns, exam names, school
system terms, or institutional terms, rewriting them into the most understandable standard written Chinese form only
when necessary.

Region-Specific Expression Types for Requirement 1

Region Expression types to remove / rewrite

Mainland China Colloquial Mainland expressions, internet slang, trendy online phrases, chat-style abbrevi-
ations, filler words, spoken discourse markers, exaggerated emotional wording

Singapore Singapore-style expressions, Singlish, mixed English, Hokkien, Fujian dialect, Malay, and
other localized expressions

Taiwan Taiwan-style colloquial expressions, informal spoken Mandarin, internet slang, mixed
Hokkien/Southern Min expressions, chat-style abbreviations, filler words

Malaysia Malaysian-style expressions, mixed English, Malay loanwords, Cantonese- or Hokkien-
influenced expressions, transliterated local terms, sentence-final particles

Hong Kong Hong Kong-style expressions, Cantonese colloquialisms, Hong Kong-specific spoken
vocabulary, sentence-final particles, mixed English, transliterated Cantonese expressions

Table 15: Prompt template used to instruct Claude-haiku-4.5 to convert region-specific informal Chinese expressions
into standardized Chinese. The system prompt varies by region only in the first requirement (italicized); all other
requirements are shared. The user prompt template is identical across all five regions. {{...}} denotes fields filled
at inference time; the reference answer field is omitted when unavailable.
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Simplified Traditional

Register HK TW SG ML MY HK TW

Informal 0.602 0.070 0.085 0.144 0.107 1.156 0.940
Formal 0.114 0.038 0.060 0.066 0.068 1.075 0.622

Table 16: Qwen cross-regional MMD2 distances. Each
cell reports the unbiased MMD2 between the focal re-
gion (column) and the pooled distribution of the remain-
ing four regions, under the matching register. The refer-
ence distribution is always in Simplified; the right-hand
panel keeps HK and TW in Traditional. Lower values
indicate greater proximity to the rest of the corpus.

Simplified Traditional

Register HK TW SG ML MY HK TW

Informal 0.693 0.071 0.099 0.140 0.096 1.267 0.966
Formal 0.106 0.039 0.070 0.063 0.049 1.266 0.697

Table 17: SeaLLM cross-regional MMD2 distances.
Each cell reports the unbiased MMD2 between the focal
region (column) and the pooled distribution of the re-
maining four regions, under the matching register. The
reference distribution is always in Simplified; the right-
hand panel keeps HK and TW in Traditional. Lower
values indicate greater proximity to the rest of the cor-
pus.

Region Attn. GoldP T/S E✓ E× ∆ G

Mainland 0.0029 0.365 2.92 85.8 48.8 37.1 0.51
Singapore 0.0034 0.178 1.62 59.6 33.0 26.5 0.67
Taiwan 0.0030 0.397 1.64 82.2 57.2 25.0 0.43
Malaysia 0.0028 0.340 1.51 69.4 42.1 27.4 0.58

Table 18: Marker attention, gold-answer probability,
density, and term-explanation accuracy conditioned on
answer correctness (Qwen3-30B). E✓/E×: explanation
accuracy on correct/incorrect items; ∆ = E✓ − E×
(pp); G: grounding-failure share among wrong-answer
items, d/(c+ d).

Region Attn. GoldP T/S E✓ E× ∆ G

Mainland 0.0039 0.174 2.92 31.7 12.7 18.9 0.87
Singapore 0.0058 0.058 1.62 10.3 8.1 2.2 0.92
Taiwan 0.0045 0.291 1.64 46.2 20.6 25.6 0.79
Malaysia 0.0041 0.254 1.51 36.1 16.6 19.5 0.83

Table 19: Marker attention, gold-answer probability,
density, and term-explanation accuracy conditioned on
answer correctness (SeaLLMs-v3-7B). E✓/E×: ex-
planation accuracy on correct/incorrect items; ∆ =
E✓ − E× (pp); G: grounding-failure share among
wrong-answer items, d/(c+ d).
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Region Samples Temperature ECE Multiclass Brier Score Negative Log Likelihood

Mainland

520 0.5 0.6567 1.2229 3.3926
520 0.8 0.5683 1.0454 2.3376
520 1.0 0.5181 0.9644 2.0218
520 1.2 0.4717 0.9025 1.8355
520 1.5 0.4071 0.8354 1.6864
520 2.0 0.3131 0.7727 1.6096

Singapore

515 0.5 0.8077 1.6198 7.6123
515 0.8 0.7150 1.4476 4.9592
515 1.0 0.6577 1.3510 4.1185
515 1.2 0.6036 1.2667 3.5871
515 1.5 0.5286 1.1617 3.0986
515 2.0 0.4227 1.0386 2.6886

Taiwan

536 0.5 0.5322 1.1150 3.8330
536 0.8 0.4462 0.9851 2.5515
536 1.0 0.3884 0.9114 2.1669
536 1.2 0.3330 0.8524 1.9381
536 1.5 0.2566 0.7896 1.7490
536 2.0 0.1754 0.7359 1.6325

Hong Kong

520 0.5 0.3744 0.9124 3.8896
520 0.8 0.2680 0.8212 2.6921
520 1.0 0.2066 0.7829 2.3412
520 1.2 0.1520 0.7578 2.1374
520 1.5 0.0916 0.7378 1.9752
520 2.0 0.0703 0.7333 1.8850

Malaysia

516 0.5 0.5685 1.2749 6.1179
516 0.8 0.4639 1.1334 4.1118
516 1.0 0.4064 1.0648 3.4880
516 1.2 0.3564 1.0118 3.0990
516 1.5 0.2924 0.9546 2.7466
516 2.0 0.2245 0.8994 2.4584

Table 20: Exact Numerical Values for Forced Choice Decoding Calibration on GLM.
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Region Samples Temperature ECE Multiclass Brier Score Negative Log Likelihood

Mainland

520 0.5 0.5931 1.1484 5.4307
520 0.8 0.5490 1.0633 3.6494
520 1.0 0.5250 1.0187 3.0234
520 1.2 0.5033 0.9802 2.6109
520 1.5 0.4738 0.9312 2.2117
520 2.0 0.4291 0.8671 1.8397

Singapore

515 0.5 0.8128 1.6151 11.0109
515 0.8 0.7573 1.5008 7.2449
515 1.0 0.7253 1.4368 5.9073
515 1.2 0.6966 1.3800 5.0181
515 1.5 0.6554 1.3051 4.1380
515 2.0 0.5935 1.2005 3.2960

Taiwan

536 0.5 0.6377 1.2748 10.5076
536 0.8 0.6278 1.2581 6.9145
536 1.0 0.6201 1.2430 5.5640
536 1.2 0.6110 1.2250 4.6519
536 1.5 0.5949 1.1934 3.7480
536 2.0 0.5621 1.1321 2.8643

Hong Kong

520 0.5 0.2820 0.6011 4.7046
520 0.8 0.2527 0.5799 3.2488
520 1.0 0.2253 0.5649 2.6808
520 1.2 0.2050 0.5508 2.2939
520 1.5 0.1774 0.5328 1.9204
520 2.0 0.1274 0.5132 1.5924

Malaysia

516 0.5 0.5001 1.0400 4.5044
516 0.8 0.4226 0.9274 3.0302
516 1.0 0.3800 0.8759 2.5671
516 1.2 0.3418 0.8365 2.2778
516 1.5 0.2902 0.7940 2.0173
516 2.0 0.2153 0.7525 1.8126

Table 21: Exact Numerical Values for Forced Choice Decoding Calibration on Qwen.

16810



Region Samples Temperature ECE Multiclass Brier Score Negative Log Likelihood

Mainland

520 0.5 0.5890 1.2787 3.1763
520 0.8 0.4157 1.0461 2.4048
520 1.0 0.3264 0.9591 2.2331
520 1.2 0.2573 0.9092 2.1612
520 1.5 0.1831 0.8737 2.1352
520 2.0 0.1091 0.8591 2.1668

Singapore

515 0.5 0.6835 1.4698 4.7808
515 0.8 0.5118 1.2183 3.4112
515 1.0 0.4240 1.1123 3.0376
515 1.2 0.3560 1.0429 2.8299
515 1.5 0.2825 0.9820 2.6671
515 2.0 0.2072 0.9372 2.5618

Taiwan

536 0.5 0.4377 1.0085 2.4621
536 0.8 0.2752 0.8505 1.9040
536 1.0 0.1861 0.7991 1.7989
536 1.2 0.1224 0.7752 1.7719
536 1.5 0.0444 0.7672 1.7938
536 2.0 0.0573 0.7812 1.8811

Hong Kong

520 0.5 0.3779 0.9771 2.7323
520 0.8 0.2010 0.8529 2.1772
520 1.0 0.1159 0.8211 2.0763
520 1.2 0.0637 0.8102 2.0486
520 1.5 0.0452 0.8116 2.0620
520 2.0 0.0857 0.8273 2.1258

Malaysia

516 0.5 0.4207 1.0121 2.9479
516 0.8 0.2750 0.8757 2.2739
516 1.0 0.2070 0.8324 2.1203
516 1.2 0.1538 0.8111 2.0547
516 1.5 0.0994 0.8015 2.0314
516 2.0 0.0578 0.8095 2.0660

Table 22: Exact Numerical Values for Forced Choice Decoding Calibration on SeaLLM.
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