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Abstract

This study evaluates six frontier large
language models on their ability to detect,
classify, and correct errors in Chinese—
English public sign translations. Model
performance is assessed through both
automatic and human evaluation, using a
100-item test set constructed from authentic
bilingual signage in China. Results show
that all models perform strongly in error
detection but exhibit complementary
strengths in classification and correction,
with no single model consistently
outperforming others across all error types.
This suggests that a multi-model workflow
may be more effective than relying on any
single model.

1 Introduction

Public signage, the language displayed on public
road signs, place names, institutional signs, and
government notices in a given territory (Landry &
Bourhis, 1997), is an important component of
urban governance, international communication,
and public services of a city (Shenzhen Foreign
Affairs, 2026). In China, Chinese—English
bilingual public signs are widely used and
generally fall into two categories: the names of
public places and institutions, and public service
information (SAC & AQSIQ, 2013). Previous
studies have summarized the features of Chinese—
English  public  signs—concise, standard,
straightforward, and sometimes culture-specific
(Amenador & Wang, 2022), which, to a certain
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extent, points to the need for explicit guidelines to
ensure such qualities are consistently achieved. In
Shenzhen, China’s most vibrant international
metropolis, bilingual public signs are particularly
prevalent, and the regulation of public signage
translation has been in place for more than a decade.
Nevertheless, rapid urban development and
increasing international communication have both
made existing expressions outdated and led to the
emergence of new types of public signs. In
response, Shenzhen has recently issued updated
guidelines for public signage translation. However,
a large number of existing signs across the city
remain non-compliant and require review and
revision to meet the new standards.

The need to standardize public signage
translation and the availability of relevant
guidelines provide a basis for exploring the
feasibility of partly automating the review and
revision process. This study therefore explores
whether large language models (LLMs) can be
used to pre-screen translations and provide
suggestions. To this end, it evaluates the
performance of six LLMs—three Chinese models
and three English models—in handling errors in
public sign translations. Based on a dataset of 100
bilingual public signs, comprising translations with
intralingual, interlingual, intercultural, and
multiple errors, as well as correct translations, the
study assesses the models’ abilities across three
tasks: error detection, error classification, and error
correction. Error detection and error classification
are assessed through automatic evaluation. For
error correction, since intralingual errors such as
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misspellings and capitalization mistakes are well
within the capabilities of current LLMs, evaluating
correction of these errors would be uninformative;
the study therefore focuses correction evaluation
on interlingual and intercultural errors. Specifically,
automatic evaluation is employed to check whether
LLM-corrected translations exactly match the
reference translations; human evaluation, as the
“gold standard” (Graham et al., 2015, p. 1183), is
then conducted for cases without an exact match,
providing a more comprehensive assessment of
correction quality. By identifying well-performing
LLMs, this study aims to support the
standardization of bilingual public signage and
provide empirical evidence for the broader
application of LLMs in translation evaluation.

2 Related Work

Recent studies have demonstrated the potential of
LLMs for machine translation and translation
evaluation. Kocmi and Federmann (2023)
introduced GEMBA, which uses GPT models for
reference-free evaluation. Fernandes et al. (2023)
applied LLMs to MQM error annotation, and Lu et
al. (2024) proposed error analysis prompting,
bringing LLM evaluations closer to human
judgments. On a broader level, Zheng et al. (2024)
established the LLM-as-a-Judge framework,
investigating its reliability and potential biases,
which provides a theoretical foundation for
applying LLMs to translation quality assessment.
Moreover, Raunak et al. (2023) showed that GPT-
4 can carry out effective automatic post-editing
even without large-scale triplet data. Research on
public signage translation has primarily focused on
error taxonomy and textual analysis, yet few
studies have applied LLMs to reviewing public
signage translations. The present study connects
these lines of inquiry by addressing the
underexplored intersection of LLM-based quality
assessment and correction in the context of public
signage translation.

3 Experimental Setup

3.1

The test set of 100 Chinese—English public sign
pairs was constructed from an annotated corpus of
authentic public signage in Shenzhen, China. The
corpus was developed through the routine
correction and revision work: errors were

Dataset Construction

identified and corrected by translators, reviewed
by editors and validated by domain experts, and a
comprehensive error typology was derived
inductively from this process. The full typology
also covers categories such as inconsistent
translation across signs, formatting errors, source-
text errors, missing translations, and redundant
signage. These were excluded from the present
study, as they concern source-text quality, signage
management, or visual presentation rather than
translation quality, and cannot be reliably
assessed when the model receives only an isolated
sign pair without visual or contextual information.

The study therefore focuses on three categories
most relevant to evaluating how LLMs diagnose
and correct errors in public sign translations:
Intralingual Errors (target-language issues
identifiable without reference to the source text),
Interlingual Errors (problematic transfer between
the source and target languages), and Intercultural
Errors (inadequate adaptation to the target
audience’s cultural and cognitive expectations).
These broadly correspond to the MQM
dimensions of Linguistic Conventions, Accuracy,
and Audience Appropriateness (Lommel et al.,
2014). The test set also includes a Multiple Errors
category, containing signs exhibiting two or more
of the primary error types, and a Correct category,
which tests whether models can recognize proper
translations without over-correcting them. The
final set is evenly distributed across the five
categories (20 instances each). Table A presents
the five categories.

Category Description

Intralingual | misspellings, capitalization

Errors errors, punctuation and spacing
problems, and grammatical
erTors

Interlingual | awkward literal translations,

Errors semantic distortion, register
mismatches, functional
inequivalence, and terminology
errors

Intercultural | cultural schema conflicts,

Errors cultural taboos, and identity
sensitivities

Multiple Two or more of the above error

Errors types in the same sign

Correct No identifiable errors

Table A. Categories in the test set




3.2  Prompt Design

The prompt was designed to test three core
abilities of LLMs: error detection (judging
whether a translation is compliant), error
classification (categorizing identified errors), and
error correction (providing an appropriate
recommended translation). It comprised five
components—role and task definitions, a
classification taxonomy, working rules, five
output examples, and the General Rules—that
together operationalized these abilities. The
prompt was written in Chinese because the
General Rules on which all judgments were based
are themselves in Chinese; the other four
components were translated into English for
presentation in this paper (see Appendix A).

The prompt began with the role and task
definitions that cast the model as an expert
bilingual public signage proofreader tasked with
identifying non-compliance with the Shenzhen
Guidelines for the Use of English in Public
Service Areas—Part 1: General Rules (Foreign
Affairs Office of Shenzhen Municipal People’s
Government, 2026) and either providing a
recommended  translation or  confirming
correctness. It then presented a classification
taxonomy requiring the model to assign a
category to each identified issue.

The working rules operationalized the three
abilities through a structured JSON output format.
Each issue had to include four fields: “error_type”
(testing classification); “location” and “reason”
(grounding detection judgments in specific
clauses); and “suggestion” (testing error
correction). Errors were listed individually rather
than aggregated, because a model might correctly
identify one error while missing or misclassifying
others within the same test item; independent
evaluation of each error therefore provided a more
accurate measure of model performance.
An “overall category” field provided a summary
label for each test item, which enabled batch-level
analysis. Five few-shot examples were included,
covering all possible output scenarios: three
single-type errors, one multiple-error case, and
one correct case. Few-shot prompting was
adopted because the task required a specific JSON
output format and a domain-specific error
taxonomy that the model might misinterpret from
instructions alone. Finally, the core provisions of

the General Rules were supplied, covering
translation principles, translation methods, and
writing conventions, thereby providing the
standard against which compliance was judged.

3.3 Model Selection

The models to be tested were selected from the
Chatbot Arena leaderboards
(https://arena.ai/leaderboard), a
crowdsourcing platform where users rate the
performance of LLMs via pairwise comparisons
in real-world cases. The large volume of user
ratings, combined with advanced ranking
algorithms, makes the leaderboards a more
reliable reflection of human preferences (Chiang
et al. 2024a: 1-3). The present study drew
specifically from the Writing, Literature &
Language sub-board of the Text Arena
leaderboards under the Occupational category
(accessed on March 15, 2026), which captures
user assessments of model performance on tasks
central to writing, literature, and language
occupations — including translation — making it a
fitting basis for model selection (Chiang et al.
2024b; Arena Team 2025). The top three models
from organizations based in English-speaking
countries (Claude Opus 4.6, Gemini 3.1 Pro
Preview, and Grok 4.20 Beta) and in China
(GLM-5, Qwen-3.5-397B-A17B, and Kimi-K2.5)
were selected to compare how frontier LLMs
from the two groups perform across the three
abilities assessed in this study.

3.4 Process

3.4.1 Data Collection

Each message sent to the LLMs was constructed by
appending the paired source and translated texts
below the prompt, with brief labels indicating the
source text and the translation (see Appendix B for
a sample input and response). For error detection,
items with a non-empty issues array were treated as
the model having detected at least one error, while
an empty issues array and an “overall category” of
“correct” were treated as error-free judgments; the
detection score was computed across all 100 items
by comparing these judgments against the human
references. For error classification, each
“error_type” value (e.g., “interlingual”) was
extracted from the issues array and compared
against the human reference. For error correction,
the suggested revised translation was extracted



from the “suggestion” field. Approximate time and
cost for each model were also recorded.

3.4.2 Evaluation of LLM Performance

Three scoring metrics were used for evaluation.
Error detection awards one point per item if the
model correctly identifies it as containing or not
containing a translation error, regardless of whether
the error categories match those assigned by human
translators. Error classification awards one point if
all identified error types exactly match the human-
assigned categories, 0.5 points if at least one
category matches, and zero points otherwise; for
items in the correct category, a model receives one
point if it likewise identifies no error. Error
correction compares the model’s suggested
translation against the human reference, awarding
one point only if any of the suggested revisions
matches the reference translation identically. Error
correction scores were computed only for the
interlingual and intercultural categories (40 items),
since the correct category contains no errors to
correct, intralingual errors involve surface-level
issues whose correction is well within the
capabilities of all tested models, and the multiple
errors category involves overlapping types that
make consistent scoring difficult to define.

Each of the first two metrics was computed
separately for items within each category and then
aggregated into an overall score ranging from 0 to
100; the error correction score ranged from 0 to 40.
Error detection and error classification were
evaluated automatically. Error correction was first
evaluated by automatic exact-match comparison
and then supplemented by human judgment. As a
single Chinese public sign may have multiple
proper translations, two of the authors
independently reviewed the LLM-corrected
translations for items in the interlingual and
intercultural error categories that did not pass the
automatic exact-match evaluation, each assessing
whether the revised translations conformed to the
General Rules without prior discussion. Inter-
annotator agreement was then calculated using
Cohen’s Kappa before any disagreements were
resolved. Disagreements were subsequently
discussed until a consensus on the final judgment
was reached. Both authors have participated in the
review of public signage in Shenzhen for more than
ten months and have been accredited as
“professional public signage translators” by the
Translation Association of Shenzhen. For each

revised translation, the model received one point if
the translation was considered proper and zero
points if it was improper.

3.4.3 Data Analysis

Given the limited test set size, non-parametric and
permutation-based statistical tests were adopted,
which remain valid without large-sample
assumptions (Dror et al. 2018). To examine
whether the six models exhibited significant
performance differences overall on each metric (n
= 100 for detection and classification; n = 40 for
correction) and within each error type sub-category,
Friedman omnibus tests were conducted. As the
omnibus test indicates only whether the models
differ overall without identifying which ones differ,
it was followed by paired sign-flip permutation
tests between models, with Holm correction
applied to control the error rate and identify the
differentiating pairs. To examine whether the
model’s performance differed across the three tasks,
the same procedure was followed. For every model,
a Friedman omnibus test was conducted on the 40
items for which all three metrics were defined;
Holm-corrected paired sign-flip permutation tests
were then performed to identify which task pairs
differed.

4 Results

Tables B and C present the scores and
corresponding rankings of the six models across
the first two metrics, and Table D presents the
automatic exact-match score for error correction.
The results in Table D are preliminary, as the final
error correction scores can only be obtained after
incorporating human evaluation.

Error detection scores were high across all
models and in the interlingual, intralingual,
intercultural, and multiple-error categories, with
most models achieving perfect or near-perfect
scores. The primary source of variation was the
correct category, where scores ranged from 11 to
14. These differences drove the overall detection
rankings, in which Gemini 3.1 Pro Preview led
with 92 and Claude Opus 4.6 trailed with 87. Error
classification revealed sharper differences. In the
intralingual category, the three English models
occupied the top three positions (Claude Opus 4.6
17.5, Gemini 3.1 Pro Preview 16.5, Grok 4.20
Beta 16.5), while the two Chinese models, Kimi-
K2.5 and Qwen-3.5-397B-A17B, scored



Overall (100/100)

Ranking Model Score
1 Gemini 3.1 Pro Preview 92
2 Qwen 3.5 397B A17B 91
3 GLM-5 90
4 Grok 4.20 Beta 90
5 Kimi-K2.5 89
6 Claude Opus 4.6 87
Intralingual Errors (20/20)
Ranking Model Score
1 Grok 4.20 Beta 20
2 Qwen 3.5 397B A17B 20
3 Claude Opus 4.6 19
4 Gemini 3.1 Pro Preview 19
5 GLM-5 18
6 Kimi-K2.5 18
Interlingual Errors (20/20)
Ranking Model Score
1 Claude Opus 4.6 20
2 GLM-5 20
3 Gemini 3.1 Pro Preview 20
4 Grok 4.20 Beta 20
5 Kimi-K2.5 20
6 Qwen 3.5 397B A17B 20
Intercultural Errors (20/20)
Ranking Model Score
1 Kimi-K2.5 20
2 GLM-5 19
3 Gemini 3.1 Pro Preview 19
4 Grok 4.20 Beta 18
5 Qwen 3.5 397B A17B 18
6 Claude Opus 4.6 17
Multiple Errors (20/20)
Ranking Model Score
1 Claude Opus 4.6 20
2 GLM-5 20
3 Gemini 3.1 Pro Preview 20
4 Grok 4.20 Beta 20
5 Qwen 3.5 397B A17B 20
6 Kimi-K2.5 19
Correct (20/20)
Ranking Model Score
1 Gemini 3.1 Pro Preview 14
2 GLM-5 13
3 Qwen 3.5397B A17B 13
4 Grok 4.20 Beta 12
5 Kimi-K2.5 12
6 Claude Opus 4.6 11

Table B: Rankings of error detection score of the

six LLMs by error category

Overall (100/100)
Ranking Model Score
1 Gemini 3.1 Pro Preview 65.5
2 Grok 4.20 Beta 65
3 GLM-5 64.5
4 Qwen 3.5 397B A17B 64
5 Claude Opus 4.6 63.5
6 Kimi-K2.5 62
Intralingual Errors (20/20)
Ranking Model Score
1 Claude Opus 4.6 17.5
2 Gemini 3.1 Pro Preview 16.5
3 Grok 4.20 Beta 16.5
4 GLM-5 16
5 Kimi-K2.5 14.5
6 Qwen 3.5 397B A17B 14.5
Interlingual Errors (20/20)
Ranking Model Score
1 GLM-5 18
2 Claude Opus 4.6 17.5
3 Gemini 3.1 Pro Preview 17.5
4 Grok 4.20 Beta 17.5
5 Kimi-K2.5 17.5
6 Qwen 3.5 397B A17B 17
Intercultural Errors (20/20)
Ranking Model Score
1 Kimi-K2.5 4
2 Claude Opus 4.6 1.5
3 GLM-5 1.5
4 Grok 4.20 Beta 1.5
5 Qwen 3.5 397B A17B 1.5
6 Gemini 3.1 Pro Preview 1
Multiple Errors (20/20)
Ranking Model Score
1 Qwen 3.5 397B A17B 18
2 Grok 4.20 Beta 17.5
3 Gemini 3.1 Pro Preview 16.5
4 Claude Opus 4.6 16
5 GLM-5 16
6 Kimi-K2.5 14
Correct (20/20)
Ranking Model Score
1 Gemini 3.1 Pro Preview 14
2 GLM-5 13
3 Qwen 3.5 397B A17B 13
4 Grok 4.20 Beta 12
5 Kimi-K2.5 12
6 Claude Opus 4.6 11

Table C. Rankings of error classification score of

the six LLMs by error category




noticeably lower (14.5 each). The intercultural
category produced the most striking contrast:
Kimi-K2.5 scored 4, roughly triple the scores of
the remaining five models (1 to 1.5), though all
models performed poorly in absolute terms.
Overall classification rankings placed Gemini 3.1
Pro Preview first (65.5) and Kimi-K2.5 last (62).
The automatic exact-match scores for error
correction were markedly lower than those for
detection and classification across all models for
both interlingual errors and intercultural errors. In
the interlingual error category, GLM-5 achieved
the highest score (10), while Claude Opus 4.6 and
Kimi-K2.5 scored the lowest (5). In the
intercultural error category, Claude Opus 4.6,
GLM-5, and Gemini 3.1 Pro Preview scored 6,
while the remaining three models scored 4.

Significance analysis, however, provides
limited support for distinguishing among the
models overall. No metric-level omnibus
distinguished the six models on detection,
classification, or correction (Friedman p = 0.47,
0.85, and 0.13, respectively), so the overall
orderings should be read descriptively.
Disaggregating by error type, the only reliable
difference was in intercultural -classification
(Holm-adjusted p 0.016), reflecting Kimi-
K2.5’s descriptively higher score relative to all
other models. The task-level gradient, by contrast,
was strongly supported: every model’s
performance differed significantly across the
three metrics (per-model Friedman p < 0.001),
with detection exceeding both classification and
correction for all six (all p < 0.001). Grok 4.20
Beta and Kimi-K2.5 also performed significantly
better on classification than on correction (Holm-
adjusted p = 0.029 and 0.003).

Model Interlingual | Intercultural
Error Score | Error Score
GLM-5 10 6
Gemini 3.1 Pro
) 8
Preview
Qwen 3.5 397B 8 4
Grok 4.20 Beta 6 4
Claude Opus 4.6 5 6
Kimi-K2.5 5 4
Table D. Automatic exact-match scores for the
error correction scores

Overall (40/40)

Ranking Model Score
1 Gemini 3.1 Pro Preview 33
2 Kimi-K2.5 32
3 GLM-5 30
4 Grok 4.20 Beta 26
5 Qwen 3.5 397B A17B 24
6 Claude Opus 4.6 23

Interlingual Errors (20/20)

Ranking Model Score
1 Gemini 3.1 Pro Preview 18
2 Kimi-K2.5 17
3 GLM-5 15
4 Grok 4.20 Beta 15
5 Qwen-3.5-397B-A17B 15
6 Claude Opus 4.6 11

Intercultural Errors (20/20)

Ranking Model Score
1 Gemini 3.1 Pro Preview 15
2 GLM-5 15
3 Kimi-K2.5 15
4 Claude Opus 4.6 12
5 Grok 4.20 Beta 11
6 Qwen-3.5-397B-A17B 9

Table E. The sums of the automatically-evaluated
and human-evaluated proper translations of the
six LLMs under the interlingual and intercultural
error categories

For non-matching translations in the
interlingual and intercultural error categories, the
two raters showed high inter-annotator
agreement, with Cohen’s Kappa of 0.90 for
interlingual errors, 0.89 for intercultural errors,
and 0.90 overall. Table E presents the numbers of
LLM-revised translations judged to be proper
translations in the two categories, combining the
results of automatic and human evaluation.
Compared with the automatic exact-match results
in Table D, the number of revised translations
deemed proper increased for all six models in both
categories after human evaluation was
incorporated. For interlingual errors, Gemini 3.1
Pro Preview correctly revised 18 of the 20
translations, ranking first among the six LLMs,
while Claude Opus 4.6 produced only 11 revised
translations deemed proper, the lowest number
among the six models. For intercultural errors,
Gemini 3.1 Pro Preview, GLM-5, and Kimi-K2.5



Model Ap ProX- 1 Credit Spent
Time
Claude Opus 4.6 1.5h $8.84
Gemini 3.1 Pro 1h $5.03
Preview
Qwen 3.5 397B
A17TB 35h $4.06
GLM-5 3.5h $3.87
Kimi-K2.5 1.5h $3.01
Grok 4.20 Beta lh $2.13
Table F. Approximate evaluation time and credit
spent

each produced 15 properly revised translations
out of 20, while Qwen-3.5-397B-A17B generated
only 9, ranking last. Table F summarizes the
approximate time and cost of the evaluation task
for each model. Grok 4.20 Beta incurred the
lowest cost at $2.13, while Claude Opus 4.6
incurred the highest at $8.84. In terms of time,
Qwen 3.5 397B A17B and GLM-5 were the
slowest at 3.5 hours each, while Grok 4.20 Beta
and Gemini 3.1 Pro Preview were the fastest at
approximately one hour.

5 Discussion

5.1 Error Detection Ability

According to Table B, though the margin is narrow,
Gemini 3.1 Pro Preview achieved the highest score
among the six LLMs, indicating a tendency to
demonstrate the strongest overall performance in
error detection in this exploratory study, whereas
Claude Opus 4.6 gained the lowest score—
suggesting a trend to exhibit the weakest
performance in this category. All six LLMs
identified the 20 translations with interlingual
errors as containing errors, and five of the six, all
except Kimi-K2.5, also identified all 20
translations with multiple errors as improper. These
results indicate that top-ranking models developed
in both China and English-speaking countries are
generally capable of identifying public sign
translations with interlingual or multiple errors as
improper. However, all six LLMs achieved their
lowest scores in the correct category, suggesting a
tendency to flag correct translations as erroneous.
Within this category, Gemini 3.1 Pro Preview
obtained the highest score, while Claude Opus 4.6
achieved the lowest. Although the margin is only
three points, it may partly explain the

comparatively weaker performance of the latter in
overall error detection.

5.2  Error Classification Ability

As shown m Table C, Gemini 3.1 Pro Preview
achieved the highest score among the six LLMs; in
contrast, Kimi-K2.5 obtained the lowest score,
suggesting their relatively strongest and weakest
overall ability in error classification respectively.
With regard to the classification of translations
with intralingual errors, Claude Opus 4.6 tended to
demonstrate the strongest performance, while
Kimi-K2.5 and Qwen-3.5-397B-A17B, which
obtained the lowest scores among the six LLMs,
inclined to demonstrate the weakest performance.
Notably, the three English models occupied the top
three positions, outperforming the Chinese models.
This suggests that English models tend to perform
better than Chinese models in classifying
intralingual errors, such as misspellings,
capitalization errors, and punctuation or spacing
issues. Regarding the classification of translations
with interlingual errors, the six LLMs showed
broadly comparable performance. The highest-
ranked model, GLM-5, scored only one point
higher than the lowest-ranked model, Qwen-3.5-
397B-A17B, and the remaining four models
obtained identical scores. As for intercultural errors,
Kimi-K2.5 achieved a higher score than all the
other five LLMs, while Gemini 3.1 Pro Preview
gained the lowest score among the six models, with
a margin of three points. More broadly, all six
LLMs obtained their lowest scores in this category,
and these scores were much lower than the
corresponding detection scores, indicating that the
models can detect that translations containing
intercultural errors are erroneous but have
difficulty classifying this specific type of error. For
translations with multiple errors, Qwen-3.5-397B-
A17B achieved the highest score in error
classification, whereas Kimi-K2.5 gained the
lowest score among the six LLMs, with a 4-point
discrepancy. Moreover, all six LLMs obtained
slightly lower scores in error classification than for
error detection scores in this category. This
indicates that although LL.Ms are highly capable of
recognizing translations with multiple errors as
improper, they may struggle to accurately classify
all error types within a given translation.



5.3  Error Correction Ability

As shown in Table E, Gemini 3.1 Pro Preview
achieved the highest score in correcting
translations with interlingual errors, indicating that
it may be suitable for providing revision
suggestions for public sign translations in this
category. In contrast, Claude Opus 4.6 gained the
lowest score—seven points lower than Gemini 3.1
Pro Preview—suggesting a relatively limited
ability to correct interlingual errors. For
translations with intercultural errors, Gemini 3.1
Pro Preview, GLM-5, and Kimi-K2.5 gained the
identically highest score, whereas Qwen-3.5-
397B-A17B obtained a comparatively lowest score
in revising such translations. Moreover, when error
correction performance and the time and cost
incurred by the six LLMs throughout the process
are considered together, Gemini 3.1 Pro Preview
not only corrected the highest number of
translations with interlingual and intercultural
errors, but also required the least time, suggesting
it may be a relatively efficient choice for the error
correction of public sign translations in this
exploratory study. However, Claude Opus 4.6
incurred the highest cost among the six models,
while Qwen-3.5-397B-A17B required
considerably more time to generate outputs.
Therefore, these two models may be less suitable
choices for the error correction of public sign
translations.

5.4 Implications

The results present a statistically supported
gradient of difficulty across the three abilities for
the six models progressing from detection through
classification to correction. Several patterns merit
further interpretation.

The over-detection observed across all models
could potentially be mitigated through prompt
engineering, for example, by adding explicit
instructions discouraging unnecessary corrections.
Further research could compare the effectiveness
of different prompting strategies in improving
detection precision.

The contrasting classification strengths of
English and Chinese models point to a broader
practical opportunity. English models
outperformed Chinese models in classifying
intralingual errors, likely because their training on
larger and more diverse English-language corpora
gives them stronger command of English
orthographic and typographic conventions. That a

Chinese model achieved the strongest intercultural
classification performance suggests
complementary strengths across models from
different linguistic backgrounds. A multi-model
workflow, in which each model handles the error
types it classifies most accurately, could exploit
these complementarities. Such a workflow could
also address the difficulty all models exhibited with
multi-error translations, where they tended to
identify the most salient error while overlooking
co-occurring ones; assigning each error type to a
dedicated model might reduce the risk of less
prominent errors being overlooked.

The pronounced gap between intercultural
detection and classification scores may reflect not
an inherent architectural limitation but rather
insufficient culturally annotated training data.
Future research could explore whether fine-tuning
models on datasets that explicitly encode cross-
cultural translation norms leads to improved
intercultural error classification. If effective, such
models might complement the kind of multi-model
approach  suggested above. By contrast,
interlingual error classification appears to be an
area where the tested models performed
comparably in this study, meaning that practical
considerations such as processing speed and cost
may serve as more relevant criteria for model
selection.

Finally, strong detection or classification
performance does not guarantee strong correction
ability, as identifying what is wrong in a translation
and producing an improved version draw on
different capabilities. For public sign translation,
which often involves large volumes of text across
an entire city or region, time and cost are critical
factors as well.

6 Conclusion

This study evaluated six frontier LLMs on their
ability to detect, classify, and correct errors in
Chinese—English public sign translations, based on
a 100-item test set constructed from authentic
bilingual signage in Shenzhen, China. A key
observation is that the six models showed
complementary strengths, which suggests that a
multi-model workflow may be more useful than
relying on a single model. At the detection stage,
all six models performed strongly enough to serve
as pre-screening tools for identifying non-
compliant translations. At the classification and
correction stages, however, performance varied



across models and error types, suggesting that
model selection should be task-specific and that
practical factors such as processing time and cost
should also be considered. A combined
workflow—in which designated models handle
specific error types and human reviewers make
final decisions—warrants empirical investigation
as a potentially more feasible approach.

Limitations

The few-shot examples included in the evaluation
prompt were selected based on the researchers’
judgment, and their influence on model

performance has not been systematically examined;

future work could explore how different example
sets or numbers of examples affect evaluation
outcomes. In addition, the test set consists of only
100 items drawn from a single city, which limits the
generalizability of the findings; a larger dataset
would allow for more robust conclusions.
Furthermore, each error category contains only 20
samples, and score differences between models are
often as small as 1-2 points; a sample of this size
affords very limited statistical power, so these null
results should be read as insufficient evidence to
separate the models rather than as evidence of
genuine equivalence. A larger dataset, together
with multiple experimental runs, would provide the
power needed to detect true differences should they
exist and to place the present rankings on firmer
footing. Finally, of the six models evaluated, only
GLM-5 and Kimi-K2.5 are open-source. Closed-
source models undergo frequent updates that can
render findings less durable over time and
generally do not support fine-tuning. Since public
signage translation is a specialized domain, fine-
tuning on domain-specific data represents a
promising direction that can only be pursued with
open-source models. Future work should therefore
evaluate a broader range of open-source LLMs.
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Appendix A. Prompts

The following prompt was sent to the models to generate
error annotations:

PR AL 22 3 i 55 405k AR 5 00T 23 7 VB 1) B
5HPEMEHELE R RIMESRE: R
e e “ S JRNARE TEMER/AE
FORY, RN A SCA TR (19831 S0t
TEMYER &, 18 R g A
3 HECEEEM, WHIENIER.

AR IR T RIR R

P& O LSTF 5 774 Nl N S5 v

- Intralingual Error GEWNER): HIRES
HE WS, LHRZSRIECRIA .
FEP SRR RKADABHIR. a5 HK0
L EEERE

- Interlingual Error GiEFREER): HIEF S
H ARG & e B rp = A i e J . AL
MBI B WS ERAILE . DhRgA
X RIEHNRSE .

- Intercultural Error (¥ 3CA0LES1R): KA
P83 T8 N H AR Z A SO 5 I . B
B AR ¥ RO AR B B 1y B
MRS

## TAER)

1 AR R AR Sy N\ SR AL TG 5 13 B A
Wr, AZGiE AR S .
2. BARAE R —1T JSON X%, A2
HfE R, Markdown BACHDAE .
3. JSON X A8 LR 7B
-issues’: AR (H4)
- overall _category’: AR5
4. FHEEGERE
- ""issues": [|'

- "overall category": "correct™

5. 5 A G, 3B 5 (B issues H A H 1]

W, AR A

- “error_type' (£51%287): intralingual /
interlingual / intercultural

- “location’ CGEAL): HEIIFECH B HAK
W) B o A SRR SCAFE R R A
I, AT 5] RSO B

- ‘reason’ (JRPRD: Zhi& “H5 N/

EITEM LR/ A ER” WS,
B AT i
- “suggestion” (FEFFEPET)
6. it A Il & % % J5 , Hith

‘overall category':

- HTAE RS R TR KR,
“overall category” A % ¥ i)
(intralingual/interlingual/intercultural )
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S S LTI A QT L D N i S e

“"overall category": "multiple"

7 EFFFE SO . A IR ARNIE ]
B S CER—E LERH / RRBAT
({¥ H F WARNING/CAUTION/DANGER
SR WATIIIELD .

8. ANEHH 5L LR NS, AR
IRt FE o

## 7l
### 7~ 1:  Intralingual Error

PN
I 154D,
Y3 : Parkng Lot

i H :
{"issues":[{"error_type":"intralingual","locatio
n":"Parkng","reason":"iE R B YE 1.2.1, Fe3L
B NAT A ISCAE I RLYE, \"Parking\"Ht 5
{7 e o
" "suggestion":"Parking"}],"overall category":
"intralingual"}

b

### 7~ 2:  Interlingual Error

B
IS SREIED
F3: Guests Stop

e t :
{"issues":[{"error_type":"interlingual","locatio
n":"Guests Stop","reason":"if X e 1.3.3 F
223, ~AHRHEERNRENENEEE
B, BB FISSE BRI SRS R
1B\ e T IREARAE R, HUBE R
5 H T B8 . ")"suggestion":"Staff
Only"}],"overall category":"interlingual"}

### 75 3: Intercultural Error

BN -

27

I Z SRR
P W . Seats for the Old, Weak, Sick,
Disabled and Pregnant

i t :
{"issues":[{"error_type":"intercultural","locatio
n":"Old, Weak, Sick, Disabled","reason":"i#f
MV 1.4 SCHUITREDSR, B — 2 51 B R e
AEA R, (ETTE ST R Ok B A
MR, gl E L. ","suggestion":"Priority

Seats"}],"overall_category":"intercultural"}

### 7~ 4: Multiple Errors

LD
R 28R
YL Do Not Clime the Wall

iy t :
{"issues":[{"error_type":"intralingual","locatio
n":"Clime","reason":"#f 5 &5 % , climb & Hf
N
" "suggestion":"Climb" },{"error_type":"interlin
gual","location":"the Wall","reason":" i Jx J{ 75
122 A1 1.3.2, JESO\"AEIEZ R\ AR 45 € B A
XA, VESCIIN TR CAFEERE R, A
A T E SR . " "suggestion":"No

clime.

Climbing"}],"overall category":"multiple"}
### 71 5: Correct
BN
Y : Emergency Exit
i t
{"issues":[],"overall category":"correct"}

# P IR /S T AN R /A S R
(followed by General Rules)




Appendix B. Sample Input and Response

Input:

FRSC: 70 R
Yi: Love Seat

Response (Claude Opus 4.6):

{"issues":[{"error_type":"interlingual","location":"L
ove Seat","reason":"iHE S MTE 1.3.3 F11.2.2, &>
JERTR A T R (N 2. K
N4 B, R E R 25
B I HE . HUME PN Love Seat'fE 96 31
TR R CIEAB R, 1 S 56 4 i 25 )5 SC )
fie & X . ","suggestion":"Priority

n.n

Seat"}],"overall category":"interlingual"}
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