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Abstract
Pragmatic understanding remains a fundamen-
tal challenge in natural language processing,
particularly for underrepresented languages
such as Cantonese. To alleviate the scarcity of
resources in this area, we introduceYUE-PUB1,
the first large-scale pragmatic understanding
benchmark for Cantonese. Constructed from
the PUB dataset through automatic translation
with human verification for quality assurance,
YUE-PUB covers three core pragmatic phe-
nomena: Implicature, Presupposition, and Ref-
erence. We conduct systematic experiments
across multiple baseline models to evaluate
their performance under several cross-lingual
transfer settings, comparemodels with andwith-
out pragmatic topic awareness, and further ana-
lyze their sensitivity to different pragmatic phe-
nomena aswell as their Chain-of-Thought (CoT)
reasoning behavior. Experimental results show
that current large language models still exhibit
substantial limitations in Cantonese pragmatic
understanding, underscoring the value of YUE-
PUB as an important resource for advancing
pragmatic reasoning research in low-resource
languages.

1 Introduction
Pragmatics investigates how context shapes mean-
ing and how individuals convey implied intentions
beyond literal text (Huang, 2017). With the pro-
liferation of Large Language Models (LLMs), as-
sessing their ability to generate pragmatically ap-
propriate responses has become critical for build-
ing trustworthy human–machine interaction sys-
tems (Chkirbene et al., 2024). While recent LLMs
demonstrate impressive capabilities in text gener-
ation and cross-lingual understanding, their prag-
matic comprehension remains under-explored, espe-
cially beyond high-resource languages like English
(Ma et al., 2025).

∗ Equal contributions.
1Data available at: https://huggingface.co/datasets/

Multilingual-NLP/YUE-PUB.

Implicature

Context: 
甲: 我想买部新手机。
乙: 你个银包干硬化啦喎。
(A: I want to buy a new phone.) 
(B: Your wallet has cirrhosis.)

乙的意思係咩？
(What does B mean?)

乙觉得甲应该睇医生。
(B thinks A should see a doctor.)

乙暗示甲无钱买手机。
(B implies A has no 
money to buy a phone.) 

“银包⼲硬化” means “no money”

✅

Presupposition

Context: 
阿明终于都肯戒烟啦。

(Ah Ming finally agreed to quit 
smoking.)

这句话预设咗咩？
(What does this 
sentence presuppose?)
阿明以前有食烟嘅习惯。
(Ah Ming used to smoke.) 

阿明从來都唔食烟。
(Ah Ming never smokes.) 

“终于” implies “used to smoke”

✅

Reference

Context: 
老师同小明讲，佢次次都迟
到。
(The teacher told Xiao Ming 
that he/she is late every time.)

“佢”指紧边个？
(Who does "he/she" refer to?)

老师 (The teacher)

小明 (Xiao Ming)

"佢" = who? (Ambiguous Pronoun)

✅

Figure 1: Overview of example task types in YUE-PUB.
We evaluate LLMs on three pragmatic phenomena: (A)
Implicature, where meaning is implied (e.g., metaphors
for poverty); (B) Presupposition, dealing with back-
ground assumptions; and (C) Reference, resolving am-
biguous pronouns in context. The benchmark challenges
models to understand colloquial Cantonese nuances.

Current pragmatic evaluations are predominantly
centered on English, benefiting from abundant an-
notated corpora (Hu et al., 2023; Sravanthi et al.,
2024). In sharp contrast, pragmatic resources for
low-resource languages are exceedingly scarce (Aji
et al., 2022). Existing non-English studies often
focus on isolated phenomena, such as idioms or
figurative language, rather than offering a compre-
hensive evaluation of communicative competence
(Gallipoli and Cagliero, 2025; Wang et al., 2025).
This data scarcity creates a significant bottleneck
for understanding how LLMs handle cultural nu-
ance and implicit reasoning in diverse linguistic
landscapes.

The gap is particularly prominent in Cantonese.
As a major variety of Chinese with over 85 million
speakers and a vital role in global communities,
Cantonese is linguistically rich and colloquially dy-
namic (Jiang et al., 2025). However, it remains a
low-resource language in NLP due to the lack of
standardized written norms and high-quality anno-
tated datasets (Cheng et al., 2025a). The absence of
systematic benchmarks hinders the development of
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Cantonese language technologies capable of deep
pragmatic reasoning.

To bridge this gap, we introduce YUE-PUB, the
first large-scale pragmatic understanding bench-
mark for Cantonese. YUE-PUB comprises 26,743
high-quality examples across 14 tasks, systemati-
cally covering three core pragmatic categories: im-
plicature, presupposition, and reference. We for-
mulate the evaluation as a multiple-choice question
answering (MCQA) task to align with real-world in-
teractive scenarios. Our construction pipeline com-
bines automated translation from curated English
corpora with rigorous dual-verification by native
speakers, ensuring both linguistic naturalness and
pragmatic soundness.

We conduct extensive experiments on YUE-PUB
using mainstream Cantonese-specific and general-
purpose LLMs under zero-shot, few-shot, and
Chain-of-Thought (CoT) settings. Our study pro-
vides the first comprehensive assessment of LLMs’
native pragmatic reasoning capabilities in Can-
tonese.

In summary, our contributions are:

• We present YUE-PUB, the first comprehen-
sive benchmark dedicated to Cantonese prag-
matic understanding, filling a critical gap in
low-resource language evaluation.

• We develop a robust data construction pipeline
that integrates LLM-assisted translation with
native human verification to ensure high-
quality, culturally aligned data.

• We provide an extensive evaluation of state-of-
the-art LLMs, offering insights into the cross-
lingual and native pragmatic reasoning abili-
ties of models in Cantonese.

2 Related Work

Pragmatic Evaluation in LLMs. Early research in
computational pragmatics relied on rule-based sys-
tems or limited deep learning models, which strug-
gled with complex implicit reasoning (Ma et al.,
2025). With the advent of LLMs, the focus has
shifted to evaluating how well these models capture
context and intent. Recent benchmarks typically as-
sess pragmatic phenomena through tasks like impli-
cature recovery and reference resolution (Hu et al.,
2023). For instance, Sravanthi et al. (2024) intro-
duced frameworks to test pragmatic understanding
in varied dialogue settings. However, these initia-

tives are overwhelmingly concentrated on English,
leaving a gap in multilingual applicability.

Multilingual and Low-Resource Pragmatics.
Research on non-English pragmatic evaluation is
emerging but remains fragmented. Some studies
have explored specific languages, such as Korean
pragmatic inference (Kim et al., 2024; Park et al.,
2024a) or Arabic idiom comprehension (Attia et al.,
2026). Others have targeted specific phenomena
like figurative language or proverbs in multilingual
settings (Wu et al., 2024; Gallipoli and Cagliero,
2025). Despite these efforts, most low-resource lan-
guages lack comprehensive benchmarks that cover
a wide spectrum of pragmatic phenomena (e.g.,
combining presupposition, reference, and impli-
cature). Park et al. (2024b) attempted to extend
evaluations multilingually, yet the coverage of truly
low-resource languages remains limited.

Cantonese Natural Language Processing. Can-
tonese serves as an important lingua franca but faces
significant challenges in NLP due to the scarcity of
training data and the divergence between spoken
and written forms (Cheng et al., 2025a). While
there have been recent efforts to build Cantonese
corpora and foundational models (Jiang et al., 2025;
Min et al., 2025), research specifically targeting
higher-level semantic and pragmatic understand-
ing is scarce. Our work addresses this deficiency
by providing a structured benchmark for assessing
pragmatic competence in Cantonese. We recently
also released a speech-based version of the bench-
mark (Wen et al., 2026).

3 Data Construction

To build a robust benchmark for evaluating Can-
tonese pragmatic understanding, we introduce
YUE-PUB. Our construction pipeline translates
and adapts high-quality English pragmatic re-
sources into Cantonese, ensuring both linguistic
naturalness and the preservation of original prag-
matic intents. The overall workflow is illustrated in
Figure 2.

3.1 Source Data Selection

We construct YUE-PUB based on the publicly avail-
able PUB benchmark (Sravanthi et al., 2024), which
aggregates diverse expert-annotated datasets includ-
ing CIRCA (Louis et al., 2020), GRICE (Zheng
et al., 2021), FigQA (Liu et al., 2022), FLUTE
(Chakrabarty et al., 2022), IMPPRES (Jeretic et al.,
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Pipeline

Prompt: 请将以下这段英文所有内容都翻译成粤语，句子如下 (Please translate all 
of the following English content into Cantonese. The sentence is as follows.)

{Context: X and Y are colleagues who are leaving work on a Friday at the same 
time. Question: Do you want me to give you a lift home? Response: I want me to 
give I a lift home .
Options: ["Direct answer", "Indirect answer"]
Correct answer: "Direct answer", "id": "0"}

只需要输出翻译后的内容，不需要分析。(Only output the translated content; no
analysis is needed.)

Collection

Manual Review

Implicature
Presupposition

Reference

背景：X同Y係星期五放工時間差唔多嘅同事。
問：想唔想我順便車你返屋企？
答：我想我自己車我自己返屋企。
Options: ["直接回答", "間接回答"]
Correct answer: "直接回答", "id": "0"

Prompt Pool

+

Case

Direct Classication
Response Classication

Presupposition NLI
………….

Raw Pretext

Prompt
Construction

Final
 Output

Translation

Figure 2: The construction process of the YUE-PUB dataset.

2020), and others. These sources cover a wide spec-
trum of pragmatic phenomena, ranging from con-
versational implicature and presupposition to fig-
urative language. For consistency, all datasets are
adapted into a unified multiple-choice question–an-
swering format. This unification allows for con-
sistent assessment across different pragmatic cate-
gories while mimicking real-world discriminative
tasks in dialogue systems.

3.2 Construction Pipeline

Our data construction consists of three main stages:
Prompt Construction, Automated Translation, and
Manual Verification.

Stage 1: Prompt Construction. Since the origi-
nal datasets vary in format (e.g., NLI, classification),
we first design task-specific templates to structure
the raw instances. As shown in the ”Prompt Pool”
of Figure 2, these templates contextualize the input
text and candidate options, preparing them for the
subsequent translation and QA formatting steps.

Stage 2: Automated Translation. We employ
an advanced LLM Gemini (Team et al., 2025) to
translate the English instances into Cantonese. The
model is prompted to translate the background con-
text, questions, and options while maintaining the
subtle pragmatic nuances of the original text. This
automated step ensures scalability and provides a
strong initial baseline for the dataset.

Stage 3: Dual-Stage Manual Verification. To
address the low-resource challenges and lack of
standardized norms in Cantonese, we implement

a rigorous human-in-the-loop verification process.
Two native Cantonese speakers review the trans-
lated data in two phases:

1) Naturalness & Accuracy: Annotators cor-
rect literal translation errors and ensure the
text aligns with Cantonese idiomatic usage
and grammar.

2) Consistency & Terminology: A second
round of review is conducted to unify lexical
choices across the dataset. Annotators consult
theModern Cantonese Dictionary (Man et al.,
2025) to resolve ambiguities and standardize
terminology.

This dual-verification mechanism ensures that
YUE-PUB achieves native-level fluency while rig-
orously preserving the logic required for pragmatic
reasoning.

3.3 Dataset Statistics

The final YUE-PUB benchmark comprises 26,743
examples across 14 distinct tasks, categorized into
three core pragmatic phenomena: Implicature, Pre-
supposition, and Reference. The detailed statistics
and source distributions are presented in Table 1.

4 Data Quality Evaluation

To ensure the reliability of YUE-PUB as a bench-
mark, we conduct a comprehensive quality assess-
ment of the translated Cantonese data using both
automated metrics and rigorous human evaluation.
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Task ID Size Phenomena Source

Task 1–3 7,512 Implicature CIRCA
Task 4 2,000 Implicature GRICE
Task 5–6 4,000 Implicature FigQA
Task 7–9 5,310 Implicature FLUTE
Task 10 2,100 Implicature IMPPRES

Task 11 1,800 Presupposition IMPPRES
Task 12 2,563 Presupposition DailyDialog

Task 13 1,000 Reference GRICE
Task 14 458 Reference Metonymy

Total 26,743

Table 1: Statistics of YUE-PUB. The benchmark covers
three major pragmatic categories derived from seven
high-quality source datasets.

4.1 Automated Evaluation
We employ a diverse set of metrics to assess trans-
lation quality from lexical, character-based, and
semantic perspectives. Specifically, we report:

• Lexical Overlap: BLEU-4 (Papineni et al.,
2002) and chrF++ (Popović, 2017) are used to
measure n-gram and character-level correspon-
dence between the model outputs and human-
verified references.

• Semantic Similarity: We utilize BERTScore
(Zhang et al., 2020) and SBERT (Reimers
and Gurevych, 2019) to evaluate how well the
translations preserve the semantic meaning of
the source text beyond surface-level matching.

As shown in the upper section of Table 2, the
dataset achieves high scores across all metrics. No-
tably, the high BERTScore (> 94.0 on average) and
SBERT scores confirm that the semantic integrity
of the pragmatic phenomena is well-preserved dur-
ing the translation process.

4.2 Human Evaluation
Given the complexity of pragmatic nuances, auto-
mated metrics alone are insufficient. We therefore
conduct a fine-grained human evaluation involv-
ing 420 randomly sampled instances (30 from each
of the 14 tasks). Two native Cantonese speakers
annotated these samples. Detailed description is
provided in Appendix B.

Evaluation Criteria. Following established ma-
chine translation protocols (Chen et al., 2022; Wu

Auto Evaluation

Task BLEU ChrF++ BERTScore SBERT

Implicature 33.03 75.95 94.51 81.51
Presupposition 36.85 78.35 94.70 87.35
Reference 38.20 77.55 93.95 81.10

Human Evaluation (1–5 Scale)

Task Grammar Fluency Adequacy Idiomatic

Implicature 3.98 4.03 3.85 3.95
Presupposition 4.10 4.10 4.10 3.97
Reference 4.04 4.10 3.92 4.04

Average 4.01 4.05 3.90 3.96

Table 2: Data quality evaluation results. The upper sec-
tion reports automated metrics comparing model outputs
against human-verified references. The lower section
details human ratings averaged over 14 tasks.

et al., 2025), we assess the data on a 5-point Lik-
ert scale (1=Poor, 5=Excellent) across four dimen-
sions:

1) Grammar: Syntactic correctness of the Can-
tonese text.

2) Fluency: Naturalness and flow of the transla-
tion.

3) Adequacy: The extent to which the original
meaning is preserved.

4) Idiomaticity: A specific metric introduced
to measure the alignment with authentic, con-
temporary Cantonese usage, distinguishing it
from rigid machine-translated text.

Results. The lower section of Table 2 presents the
human evaluation results. The translations receive
consistently high ratings (> 3.9 average) across all
categories. The scores for Implicature, Presuppo-
sition, and Reference are balanced, indicating con-
sistent quality across diverse pragmatic tasks. The
high Idiomaticity score (3.96) particularly high-
lights the effectiveness of our pipeline in generating
natural, culturally aligned Cantonese, validating
YUE-PUB as a high-quality resource for pragmatic
research.

5 Task and Experimental Settings

5.1 Task Definitions
Our benchmark evaluates pragmatic understanding
through a unified multiple-choice question frame-
work. We adapt methodologies from prior work on
figurative language and pragmatic reasoning (Kabra
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et al., 2023; Sravanthi et al., 2024, e.g.,) to the con-
text of Cantonese.

5.2 Prompt Strategies
In this work, we adopt a prompt-based evalua-
tion framework and design both monolingual (yue-
yue) and cross-lingual (en-yue, zh-yue) experimen-
tal settings. Our experiments cover three major
paradigms: zero-shot, chain-of-thought (CoT), and
few-shot prompting. The detailed prompts used are
presented in Appendix A.

(1) Zero-shot Setting. In the zero-shot scenario,
the model is directly provided with a task prompt
and a question, without any additional labeled ex-
amples. To systematically examine the role of topic-
aware prompting, we consider the following vari-
ants:

• With-Topic-Aware prompts: Prompts explic-
itly include the topic. (i.e., You are now work-
ing on a task about pragmatic phenomena,
with the topic being ’Implicature’.)

• Without-Topic-Aware prompts: Prompts do
not include any topic information.

• Model-size comparison: To investigate the
effect of model scaling, we conduct controlled
experiments across multiple sizes of the Qwen
family of models, including 0.5B, 1.5B, 3B,
7B, 32B, and 72B variants.

(2) Chain-of-Thought (CoT). To evaluate
whether explicit multi-step reasoning improves
performance on multiple-choice QA tasks, we
adopt CoT prompting (Wei et al., 2022; Wang et al.,
2023). The model is instructed to first produce a
structured reasoning process and then output the
final answer, enabling us to assess the contribution
of intermediate reasoning steps.

(3) Few-shot Setting. We further explore the im-
pact of demonstration quantity by adopting a few-
shot prompting setup with varying numbers of in-
context examples. Specifically, we experiment with
K ∈ {2, 4, 8, 16}, allowing us to systematically
analyze how model performance scales with addi-
tional task demonstrations and to assess the model’s
generalization ability under limited supervision.

5.3 Models and Settings
We evaluate 10 models, including eight open-
source models, spanning multilingual, Chinese, and
Cantonese-specialized categories, as well as two

commercial models. The LLMs evaluated are as
follows:

(1) Multilingual model: Aya 23 8B (Aryabumi
et al., 2024), Gemma-2-9B (Team et al., 2024),
Llama-3.1-8B (AI@Meta, 2024), Mistral-7B-
Instruct-v0.3 (Jiang et al., 2023).
(2) Chinese model: Yi-1.5-9B (Young et al.,
2024) and Qwen 2.5 7B (Team, 2024), Deepseek-
llm-7b-chat (DeepSeek-AI et al., 2024).
(3) Specific-Model: CantoneseLLM (CLLM)
(Cheng et al., 2025b).
(4) Commercial models: Gemini 2.5 (Team et al.,
2025), GPT-4o mini (OpenAI et al., 2024).

Evaluation. All experiments across different
LLMs were conducted on 2 × NVIDIA A6000
GPUs with 48GBmemory each. For generation, we
used a sampling configuration with a top-p value of
1.0 and a temperature of 0.2, together with the task-
specific prompts provided in Appendix A. Besides,
we adopt accuracy as the main evaluation metric
for all tasks. A prediction is considered correct if
and only if the model selects the correct option for
the given question.

6 Results and Analysis

6.1 Mono- and Cross-Lingual Pragmatics
Transfer

We present the evaluation results of 10 LLMs
across three pragmatic categories under varying
experimental settings. Table 2 summarizes the per-
formance for Cantonese, English, and Mandarin
source prompts, respectively.

Performance Disparities across Pragmatic
Phenomena. Under the monolingual setting, Pre-
supposition accuracy lags by over 9%, a disparity
we attribute to the interplay between translation ar-
tifacts and cognitive complexity. Specifically, the
loss of subtle triggers during translation weakens in-
put cues, while the intrinsic need to maintain global
shared background assumptions for Presupposition
demands higher pragmatic modeling capabilities
than the local context inference sufficient for Im-
plicature. Unlike Implicature which often relies on
local context (Grice, 1975), Presupposition requires
the model to maintain global shared background
assumptions (Bach, 2006; Jeretic et al., 2020). This
demands higher-order pragmatic modeling capabil-
ities that current LLMs struggle to generalize in
low-resource settings.
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Source Task Aya 23 Gemma 2 Llama 3.1 Mistral Yi 1.5 Qwen 2.5 Deepseek CantoneseLLM Gemini 2.5 GPT-4o mini

C
an

to
ne

se
(Y

ue
→

Yu
e)

Zero-Shot (with topic)
Implicature 63.46 68.65 65.40 58.58 61.53 65.23 58.22 64.93 69.96 68.53

Presupposition 53.41 53.49 54.49 40.82 66.25 52.94 44.85 62.81 57.84 56.78
Reference 60.59 62.38 63.99 47.12 56.44 58.55 53.75 65.66 63.44 63.54

Avg. 59.15 61.51 61.29 48.84 61.41 58.91 52.27 64.47 63.75 62.95
Zero-Shot (without topic)

Implicature 62.46 66.99 64.82 58.66 59.28 66.86 57.72 68.92 68.75 68.77
Presupposition 51.49 55.10 53.70 39.52 64.45 53.93 44.34 59.51 58.35 57.76

Reference 60.56 63.09 63.47 46.52 54.80 57.25 51.76 65.01 64.18 64.12
Avg. 58.17 61.73 60.66 48.23 59.51 59.35 51.27 64.48 63.76 63.55

Chain-of-Thought (CoT)
Implicature 61.24 68.97 64.02 58.79 65.59 66.10 62.89 65.34 70.48 69.95

Presupposition 54.64 57.83 56.40 41.32 69.15 57.85 51.55 66.25 59.13 58.69
Reference 70.18 65.54 64.72 47.23 60.00 59.67 57.22 66.65 65.47 66.11

Avg. 62.02 64.11 61.71 49.11 64.91 61.21 57.22 66.08 65.03 64.92

En
gl

ish
(E

n
→

Yu
e)

Zero-Shot (with topic)
Implicature 64.46 68.96 57.75 55.96 63.83 65.79 60.85 62.02 70.26 69.79

Presupposition 60.35 56.47 59.21 35.85 62.08 56.42 49.60 58.32 59.34 58.45
Reference 60.32 66.26 63.29 42.69 57.98 61.50 53.15 64.60 65.27 65.12

Avg. 61.71 63.90 60.08 44.83 61.30 61.24 54.53 61.65 64.96 64.45
Zero-Shot (without topic)

Implicature 65.82 65.21 60.63 56.94 63.61 67.16 60.80 64.54 71.23 70.13
Presupposition 58.62 55.61 56.89 35.01 61.45 59.18 47.12 60.44 60.24 58.89

Reference 60.69 62.75 63.33 42.74 57.30 60.98 49.28 61.71 65.33 65.01
Avg. 61.71 61.19 60.28 44.90 60.79 62.44 52.40 62.23 65.60 64.68

Chain-of-Thought (CoT)
Implicature 59.14 69.51 58.70 59.88 66.38 64.81 61.36 66.15 72.34 72.41

Presupposition 68.96 56.47 61.35 50.67 63.80 63.96 53.00 63.80 61.23 61.56
Reference 68.03 69.66 63.35 51.67 59.45 64.59 57.18 65.85 66.37 66.23

Avg. 65.38 65.21 61.13 54.07 63.21 64.45 57.18 65.27 66.65 66.73

M
an

da
ri

n
(Z

h
→

Yu
e)

Zero-Shot (with topic)
Implicature 65.88 68.05 63.08 57.15 65.79 65.13 59.07 64.60 70.43 69.21

Presupposition 51.12 54.48 59.85 43.97 65.07 50.74 41.60 61.35 58.68 57.79
Reference 61.49 63.76 64.11 48.82 61.92 58.73 51.05 67.57 62.43 64.53

Avg. 59.50 62.10 62.35 49.98 64.26 58.20 50.57 64.51 63.85 63.84
Zero-Shot (without topic)

Implicature 64.36 67.20 62.71 57.41 61.81 65.13 56.08 65.10 70.95 69.93
Presupposition 46.90 55.10 57.02 34.21 63.45 52.74 38.56 63.26 57.97 58.11

Reference 59.64 62.57 63.76 46.71 61.10 59.63 49.40 65.55 64.35 64.79
Avg. 56.97 61.62 61.16 46.11 62.12 59.17 48.01 64.64 64.42 64.28

Chain-of-Thought (CoT)
Implicature 55.92 59.32 50.42 54.21 68.39 66.24 61.55 65.97 71.75 70.54

Presupposition 58.75 58.41 61.40 31.17 66.85 56.66 40.50 61.85 59.99 59.38
Reference 61.72 64.33 60.45 48.59 63.65 59.95 51.03 69.15 66.21 66.64

Avg. 58.80 60.69 57.42 44.66 66.30 60.95 51.03 65.66 65.98 65.52

Table 3: Consolidated model performance across different instruction sources: Cantonese (Yue → Yue), English
(En → Yue), and Mandarin (Zh → Yue).

Cross-Lingual Transfer and Linguistic Prox-
imity. We observe that general-purpose multilin-
gual models demonstrate superior performance in
the Mandarin → Cantonese setting compared to
English → Cantonese. This advantage stems from
the syntactic and lexical overlap within the Sino-
Tibetan family (Thurgood et al., 1985), which pre-
serves pragmatic cues more effectively than transfer
from distinct language families like Indo-European.
Notably, general multilingual models (e.g., Qwen
2.5) often surpass Chinese-centric models in cross-
lingual transfer due to robust alignment capabil-
ities (Conneau et al., 2020), though the domain-
specialized CantoneseLLM dominates the native
Cantonese setting by leveraging culture-specific

pre-training data.

Prompting strategies yield mixed results; ex-
plicit topic tags offer only marginal gains, while
CoT benefits are scale-dependent. Topic-aware
prompting acts merely as a ”weak constraint” that
fails to bridge gaps in background knowledge. Sim-
ilarly, while CoT improves complex Implicature
tasks in larger models, it occasionally degrades per-
formance in simpler tasks or smaller models, sug-
gesting that forcing verbose reasoning for intuitive
pragmatic judgments may introduce hallucinations
(Turpin et al., 2023).

Commercial models perform slightly better
than open models. We observe a consistent trend
where the two commercial models (Gemini 2.5 and
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Setting Imp. Pre. Ref. Avg.

En → Yue 65.79 56.42 61.50 61.24
Zh → Yue 65.13 50.74 58.73 58.20
Yue → Yue 65.23 52.94 58.55 58.91

Reference Baseline (English Source Data)
En → En 70.92 57.68 63.30 63.97

Table 4: Cross-lingual transfer performance comparison
using Qwen 2.5 7B. Detailed results on other models
can be found in Appendix D.

GPT-4o mini) achieve higher overall average scores
compared to the open-weight models across the
evaluation sets. However, the performance gap
remains quite narrow. Several open models, par-
ticularly CantoneseLLM 7B, Gemma 2 9B, and
Yi 1.5 9B, demonstrate highly competitive perfor-
mance, occasionally matching or slightly exceeding
the commercial models on specific sub-tasks.

Instruction Following and Language Asym-
metry. A notable asymmetry exists in instruction
following, where models favor prompts in their
dominant pre-training languages over Cantonese.
As indicated in Table 4, even when the task con-
tent is in Cantonese, utilizing mixed-code prompts
(e.g., English instructions) often yields better re-
sults. This underscores the necessity for improved
alignment strategies to ensure that pragmatic com-
petence in low-resource languages is not bounded
by instruction-following limitations. Furthermore,
performance on YUE-PUB remains significantly
lower than on the original English PUB bench-
mark. This substantial gap highlights that despite
cross-lingual transfer capabilities, the fundamen-
tal deficiency in low-resource pragmatic reasoning
remains a critical bottleneck requiring dedicated
alignment strategies.

6.2 Scaling Analysis of Qwen Models

To investigate the scaling laws of pragmatic compe-
tence in a low-resource setting, we conduct a sys-
tematic study using the Qwen model family, span-
ning parameter sizes from 0.5B to 72B. The perfor-
mance trajectories under the zero-shot (topic-aware)
setting are illustrated in Figure 3.

Positive Scaling. We observe a robust and sta-
tistically significant positive correlation between
model size and pragmatic accuracy across all lin-
guistic settings. Pearson correlation analysis con-
firms this strong scaling behavior: EN-YUE (r =

0.75, p = 0.05), ZH-YUE (r = 0.75, p = 0.05),
and YUE-YUE (r = 0.76, p = 0.05). These results
indicate that increasing parameter capacity effec-
tively enhances the model’s ability to handle cross-
lingual mapping and contextual reasoning in Can-
tonese, validating that the ”scaling law” holds true
for pragmatic understanding even in lower-resource
scenarios.

Persistent Structural Bottlenecks. However,
despite the gains from scaling, the relative perfor-
mance stratification among pragmatic phenomena
remains remarkably consistent. As visualized in
Figure 3, while the performance curves trend up-
ward, the significant gap between the stronger tasks
(Implicature/Reference) and the weaker task (Pre-
supposition) is preserved from 0.5B up to 72B. This
observation supports a critical nuance: while scal-
ing improves general capability, current pragmatic
reasoning deficits are structural rather than merely
capacity-based. The inability of even the largest
models to close the “Presupposition Gap” suggests
that simply scaling parameters under the standard
next-token prediction paradigm is insufficient to re-
solve high-order pragmatic failures (such as main-
taining global shared assumptions). Consequently,
resolving these specific bottlenecks likely requires
paradigm shifts in training objectives or data com-
position rather than brute-force scaling alone.

6.3 Few-shot Analysis
We further explore the in-context learning capabili-
ties of LLMs by varying the number of demonstra-
tion examples k ∈ {2, 4, 8, 16}. Figure 4 illustrates
the performance scaling of Qwen2.5-7B across dif-
ferent pragmatic tasks and transfer settings. Due
to space constraints, full few-shot results for other
models are provided in Appendix E.

Scaling with Demonstrations. Consistent with
general in-context learning observations, we find a
positive correlation between the number of shots
and model performance. As the number of exam-
ples increases from 2 to 16, accuracy generally im-
proves across all three pragmatic categories (Impli-
cature, Presupposition, and Reference). This trend
holds true for both cross-lingual (English/Mandarin
→Cantonese) andmonolingual (Cantonese→Can-
tonese) settings, validating that providing explicit
pragmatic demonstrations effectively guides the
model to align with the target language’s reasoning
patterns.

Mitigating the Presupposition Bottleneck. No-
tably, the gains are most pronounced in the Pre-

7



Imp.

Pre.

Ref.

Avg.

0.2
0.3

0.4
0.5

0.6
0.7

0.8

English-Cantonese

Imp.

Pre.

Ref.

Avg.

0.2
0.3

0.4
0.5

0.6
0.7

0.8

Mandarin-Cantonese

Imp.

Pre.

Ref.

Avg.

0.2
0.3

0.4
0.5

0.6
0.7

0.8

Cantonese-Cantonese
Qwen2.5-0.5B
Qwen2.5-1.5B
Qwen2.5-3B
Qwen2.5-7B
Qwen2.5-14B
Qwen2.5-32B
Qwen2.5-72B

Figure 3: Scaling behavior of Qwen models across varying parameter sizes (0.5B–72B) under the zero-shot topic-
aware setting. The trends demonstrate a robust positive correlation between model size and performance across all
transfer settings.
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Figure 4: Performance scaling of Qwen2.5-7B under varying numbers of few-shot demonstrations (k ∈ {2, 4, 8, 16}).
The results demonstrate a overall consistent performance improvement as context increases (EN-YUE: r = 0.92, p =
0.07, ZH-YUE: r = 0.97, p = 0.03, YUE-YUE: r = 0.97, p = 0.03).

supposition task, particularly in cross-lingual set-
tings. As shown in the Mandarin-Cantonese and
English-Cantonese panels of Figure 4, Presuppo-
sition accuracy sees a substantial boost at 16-shot
compared to 2-shot. This suggests that while zero-
shot transfer struggles with the “shared background
assumptions” required for presupposition (as dis-
cussed in Section 6.1), providing ample in-context
examples helps bridge this gap, allowing the model
to better infer the implicit preconditions necessary
for correct pragmatic judgment.

6.4 Case Studies
To better understand the failure modes of LLMs
in Cantonese pragmatic reasoning, we conduct a
qualitative analysis of error patterns across different
instruction languages. We categorize the observed
errors into three primary types: (1) Reasoning-
Answer Inconsistency, (2) Cultural and Metaphor-
ical Misinterpretation, and (3) Pragmatic Nuance
Failure. Figure 5 visualizes the examples.

Reasoning-Answer Inconsistency. As shown in
Case 1 (Task 1), we frequently observe a disconnect

between the CoT reasoning and the final selection.
In the English-to-Cantonese setting, the model cor-
rectly analyzes the response as a “direct statement”
but inexplicably selects “Indirect Answer” as the
final prediction. This phenomenon suggests that
while the model possesses the linguistic capability
to analyze the text, the instruction-following align-
ment, specifically mapping the conclusion to a spe-
cific label symbol, remains brittle in cross-lingual
low-resource settings.

Cultural Misinterpretation in Cross-Lingual
Prompts. Case 2 (Task 6) illustrates the risks of
transferring pragmatic norms from Mandarin to
Cantonese. The phrase “useful than a bank ac-
count” is a specific Cantonese metaphor express-
ing strong agreement or high value. However, the
model prompted in Mandarin (Zh → Yue) incor-
rectly hallucinates sarcasm, reasoning that the com-
parison is absurd or mocking. In contrast, models
prompted in Cantonese (Yue → Yue) or English
correctly identified the positive sentiment. This un-
derscores that shared script (Chinese characters)
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Case 1: Reasoning-Answer Inconsistency (Task 1: Direct Classification)

Context: X 想知道 Y喺周末钟意做咩活动。 (X wants to know Y’s weekend activities.)
Q:你上个周末有去边度玩呀？ (Did you go anywhere fun last weekend?)
A:我上个周末无去边度玩。 (I didn’t go anywhere last weekend.)
Gold Label: A
Model Input (En → Yue): ... Select the most appropriate answer...選項:A.直接回答 B.間接回答 (Options: A. Direct
Answer, B. Indirect Answer)
Model Output:
• Reasoning: The question asks about activity... the answer is a direct statement about not going anywhere. 3(Correct

Reasoning)
• Prediction: Option B:間接回答 (Indirect Answer) 7(Wrong Selection)
Analysis: The model correctly analyzes the linguistic structure in the CoT but fails to map the conclusion to the correct
option symbol, indicating a misalignment in instruction following.

Case 2: Cultural Misinterpretation (Task 6: Sarcasm Detection)

講者一：佢好有用㗎。 (S1: He is very useful.)
講者二: 梗係啦，有用過銀行戶口啦。 (S2: Of course, more useful than a bank account.)
Gold Label: 同意 (Agreement)
Model Input (Zh → Yue): ... 分析句子中的含义 ... A.同意 B.諷刺 (Analyze the implicature... A. Agreement B.
Sarcasm)
Model Output:
• Reasoning: 讲者二将“有用”与“银行户口”进行比较，暗示...毫无意义。 (Comparing ”useful” to ”bank

account” implies... meaningless.) 7(Hallucinated Sarcasm)
• Prediction: Option B:諷刺 (Sarcasm)
Analysis: The model (prompted in Mandarin) fails to recognize the Cantonese colloquial metaphor where ”useful than a
bank account” is a positive intensifier, instead interpreting it as a sarcastic comparison.

Case 3: Loss of Pragmatic Nuance (Task 3: Implicature)

Context: Y啱啱從另一個城市過嚟見X (Y has just come from another city to see X.)
X: 你想唔想摸吓我隻狗？ (X: Want to pet my dog?)
Y: 我有敏感。 (Y: I have allergies.)
Claimed Implicature: 佢唔鍾意摸狗，因為佢有敏感。 (He dislikes petting dogs because he has allergies.)
Gold Label: 唔係 (No) [Implicature is false; allergy 6= dislike]
Model Input (Yue → Yue): ... 選項:A.係 B.唔係 C.係，但要視乎情況D.中立... (... Options: A. Yes B. No C. Yes,
conditional D. Neutral...)
Model Output:
• Reasoning: 言外之意是Y不喜欢摸狗... (The implied meaning is Y doesn’t like dogs...) 7(Literal Association)
• Prediction: Option A:係 (Yes)
Contrast (Zh → Yue): The Mandarin-prompted model correctly reasoned: ”Y answered having allergies... does not
necessarily mean Y dislikes dogs.” → Option B (Correct).

Figure 5: Common error cases in YUE-PUB.

does not guarantee shared pragmatics; distinct cul-
tural metaphors require specific native alignment.

Surface-Level vs. Deep Pragmatic Reasoning.
Case 3 (Task 3) reveals the challenge of distinguish-
ing between literal constraints and implied prefer-
ences. The native Cantonese model (Yue → Yue)
fails to separate “having allergies” (a physical fact)
from “disliking dogs” (a psychological stance), ac-
cepting the flawed implicature as true. Interestingly,
the model prompted in Mandarin (Zh → Yue) suc-
cessfully disentangled these concepts, reasoning
that an allergy does not equate to dislike. This sug-
gests that general-purpose multilingual models (of-
ten stronger in Mandarin) may sometimes possess

stronger reasoning backbones that can override na-
tive surface-level associations, provided the cultural
gap (as seen in Case 2) does not interfere.

7 Conclusion

We introduce YUE-PUB, the first comprehensive
benchmark for Cantonese pragmatic understand-
ing, filling a critical gap in low-resource evaluation.
Our experiments reveal that while linguistic prox-
imity significantly facilitates cross-lingual transfer
(e.g., Zh-to-Yue), current models still face struc-
tural limitations in handling complex pragmatic
phenomena.We hope YUE-PUB serves as resource
to advance Cantonese pragmatic research in NLP.
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Limitations

We acknowledge that this work still has the follow-
ing limitations:

Translation-Induced Bias in Dataset Construc-
tion. Our Cantonese pragmatics evaluation data
are derived from English sources via machine trans-
lation, which may introduce systematic biases. De-
spite careful post-processing, translation artifacts
such as altered implicatures, weakened pragmatic
cues, or unnatural discourse patterns may affect
the fidelity of pragmatic phenomena in Cantonese.
This limitation highlights the need for future bench-
marks constructed natively in Cantonese to better
reflect authentic pragmatic usage.

Restricted Evaluation Settings and Prompting
Strategies. The current evaluation primarily fo-
cuses on zero-shot and few-shot settings, including
topic-aware prompting and chain-of-thought rea-
soning. While these settings are representative of
common LLM usage scenarios, they do not exhaust
the space of possible inference paradigms. Future
work could explore additional prompting strategies
such as self-consistency, multi-agent reasoning, or
iterative refinement to provide a more comprehen-
sive assessment of pragmatic understanding.

Limited Model Coverage Due to Computational
Cost. Due to computational and cost constraints,
our study primarily evaluates open-source large lan-
guage models. While this design choice facilitates
reproducibility and transparency, it limits the cover-
age of commercially deployed closed-source mod-
els. Extending the evaluation to proprietary models
would provide a more complete view of current
LLM capabilities in Cantonese pragmatics.

Limited Evaluation Metrics. Our quantitative
evaluation mainly relies on accuracy over multiple-
choice questions. Although accuracy offers a clear
and interpretable measure, it may not fully cap-
ture the nuanced nature of pragmatic reasoning,
especially when multiple interpretations are plausi-
ble. More fine-grained metrics such as confidence-
aware scoring, partial credit for reasoning consis-
tency, or explanation-based evaluation could yield
deeper insights into model behavior.

Ethical Considerations

Dataset Source. We select the English dataset
PUB (Sravanthi et al., 2024), and extend the dataset
using machine translation and manual verification.

We ensure that this new dataset is intended solely for
research purposes and should not be used for com-
mercial purposes. Furthermore, the dataset con-
struction strictly adheres to the intellectual property
and privacy protection requirements of the original
authors and is freely available for download from
their official website.

Human Subjects for Data Evaluation. Before
the evaluation process, we fully informed the eval-
uators about the nature and goals of the task and
obtained their informed consent. All evaluators are
project partners and voluntarily joined as contribu-
tors and co-authors of the paper. Additionally, all
evaluators provided explicit consent for the use of
the collected data. We did not share any Personally
Identifiable Data with this paper. The project itself
does not raise any risks.

Use of AI Assistants. The authors acknowledge
the use of ChatGPT solely for correcting grammat-
ical errors, enhancing the coherence of the final
manuscript, and providing assistance with coding.
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A Prompt Templates

This section details all prompt templates used in
this work. We categorize them into two groups:

1. Data Construction Prompts: Used for trans-
lating the raw English data into Cantonese
(Figure 7).

2. Experimental Prompts: Used for evaluating
LLMs under different settings, including Zero-
shot, Chain-of-Thought (CoT), and Few-shot
scenarios across three source languages (En-
glish, Mandarin, and Cantonese). These are
illustrated in Figures 8 through 10.

Note: In the experimental prompts, {text} refers
to the context or query, and {options} refers to the
candidate choices. For few-shot settings, {k-shot
samples} represents the in-context demonstrations.
Besides, in the cross-lingual experiment setting, the
cross-lingual refers to the case where the instruction
language in the prompt differs from the language
of the input test material.
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B Human Evaluation of Translation
Quality

Figure 6 presents a screenshot of the excel-based
annotation interface used for rating translated sen-
tences. The interface displays the original sentence,
its translation, and four evaluation criteria, each
assessed on a five-point Likert scale. The overall
workflow is as follows:

Human Evaluation Setup. We conducted a hu-
man evaluation to assess the pragmatic quality of
Cantonese translations. Each evaluation instance
consisted of (i) an English source utterance and (ii)
its corresponding Cantonese translation. Evaluators
were asked to judge the translation quality along
four dimensions: Grammar, Fluency, Adequacy,
and Idiomaticity.

Instructions to Evaluators. Before the evalua-
tion, all evaluators were provided with detailed writ-
ten instructions. Specifically, they were asked to:

• Read the dialogue context carefully to under-
stand the pragmatic background of the utter-
ance.

• Compare the Cantonese translation against the
original English utterance.

• Assign scores independently for each dimen-
sion.

Evaluation Process and Time Cost. All evalu-
ators were native Cantonese speakers with formal
training in linguistics and multilingual language
processing, including prior experience in Cantonese
translation and pragmatic analysis. Each evaluator
independently annotated the same evaluation set.
On average, completing the evaluation required ap-
proximately 9.33 hours, corresponding to roughly
40 minutes per task, ensuring sufficient time for
careful reading and judgment.

Aggregation and Analysis. After collecting the
annotations, we aggregated the scores by averag-
ing across evaluators for each dimension. We then
report the mean scores for Grammar, Fluency, Ade-
quacy, and Idiomaticity in the main results.

Human Evaluation Agreement Statistics The
420 evaluation instances were sampled across all
pragmatic tasks to ensure coverage of different prag-
matic phenomena and contextual difficulty levels.

To measure annotation consistency, we further
computed inter-annotator agreement statistics using

Dimension Cohen’s κ Spearman ρ

Grammar 0.81 0.88
Fluency 0.83 0.90
Adequacy 0.79 0.86
Idiomaticity 0.77 0.84
Average 0.80 0.87

Table 5: Inter-annotator agreement statistics for human
evaluation.

Spearman correlation and Cohen’s weighted kappa.
The results shown in Table 5 indicate substantial
agreement across all four evaluation dimensions,
demonstrating the reliability of the human evalua-
tion process.

C Implementation Details

All experiments were run on a single NVIDIAA100
(80GB) GPU. The models are open-weight and di-
rectly downloaded from the Huggingface Trans-
formers (Wolf et al., 2020). We disable sampling
and use greedy decoding to ensure deterministic
outputs for all open LLMs by setting do_sam-
ple=False. All generations are capped at 512 to-
kens.

D Additional Results – Cross-lingual
(EN/ZH/YUE→YUE) vs. EN→EN

In the main text, we primarily analyzed the cross-
lingual transfer capabilities using Qwen 2.5-7B
as the representative model. In this section, we
provide the complete performance breakdown for
the remaining seven evaluated models: Mistral-
7B, Gemma-2-9B, Llama-3.1-8B, DeepSeek-7B,
CantoneseLLM, Yi-1.5-9B, and Aya-23-8B.

Tables 6 through 12 detail the performance across
three pragmatic categories (Implicature, Presup-
position, Reference) under English-to-Cantonese
(En→Yue), Mandarin-to-Cantonese (Zh→Yue),
and Native Cantonese (Yue→Yue) settings, jux-
taposed with their respective English-to-English
(En→En) baselines.

E Additional Results – Few-shot

In addition to the Qwen2.5-7B results discussed
in Section 6.3, this appendix presents the detailed
few-shot scaling behaviors (k ∈ {2, 4, 8, 16}) for
the remaining seven evaluated models. Figures 11
through 17 illustrate the performance trajectories
across English-to-Cantonese (EN-YUE), Mandarin-
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Figure 6: Screenshot of the excel-based human evaluation interface.

to-Cantonese (ZH-YUE), and Native Cantonese
(Yue-YUE) settings.

While some models like Mistral and Gemma-
2 exhibit strong positive scaling consistent with
Qwen, others display more volatile behaviors or di-
minishing returns, highlighting the variability in in-
context learning capabilities across different model
architectures in low-resource settings.

Setting Imp. Pre. Ref. Avg.

En → Yue 55.96 35.85 42.69 44.83
Zh → Yue 57.15 43.97 48.82 49.98
Yue → Yue 58.58 40.82 47.12 48.84

Reference Baseline (English Source Data)
En → En 62.13 55.08 49.68 55.63

Table 6: Cross-lingual transfer performance for Mistral-
7B.

Setting Imp. Pre. Ref. Avg.

En → Yue 68.96 56.47 66.26 63.90
Zh → Yue 68.05 54.48 63.76 62.10
Yue → Yue 68.65 53.49 62.38 61.51

Reference Baseline (English Source Data)
En → En 71.72 50.74 63.29 60.34

Table 7: Cross-lingual transfer performance forGemma-
2-9B.

F Additional Case Studies
We have added a focused contrastive analysis in this
section, including representative examples of where
English-to-Cantonese pragmatic transfer succeeds,
as well as cases where it partially or completely
fails, alongside brief linguistic explanations.

Case 1: Successful Transfer / Pragmatic Weak-
ening Figure 18 illustrates a scenario where the

Setting Imp. Pre. Ref. Avg.

En → Yue 57.75 59.21 63.29 60.08
Zh → Yue 60.08 59.85 64.11 61.35
Yue → Yue 65.40 54.49 63.99 61.29

Reference Baseline (English Source Data)
En → En 64.54 65.47 60.59 63.53

Table 8: Cross-lingual transfer performance for Llama-
3.1-8B.

Setting Imp. Pre. Ref. Avg.

En → Yue 60.85 49.60 53.15 54.53
Zh → Yue 59.07 41.60 51.05 50.57
Yue → Yue 58.22 44.85 53.75 52.27

Reference Baseline (English Source Data)
En → En 62.81 42.62 51.34 52.26

Table 9: Cross-lingual transfer performance for
DeepSeek-7B.

Setting Imp. Pre. Ref. Avg.

En → Yue 62.02 58.32 64.60 61.64
Zh → Yue 64.60 61.35 67.57 64.51
Yue → Yue 64.93 62.81 65.66 64.47

Reference Baseline (English Source Data)
En → En 67.47 62.45 62.88 64.27

Table 10: Cross-lingual transfer performance for Can-
toneseLLM.

English statement “I need to get up very early tomor-
row morning” carries the implicature of a polite re-
jection (i.e., “No” or “Probably not”). In Cantonese,
stating only the need to wake up early, without ex-
plicitly claiming to have other plans, leaves signifi-
cant room for interpretation. The requester might
counter with, “Then can we come back earlier?” in
an attempt to salvage the plan. This demonstrates a
weakening of pragmatic force during the transfer:
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Setting Imp. Pre. Ref. Avg.

En → Yue 63.83 62.08 57.98 61.30
Zh → Yue 65.79 65.07 61.92 64.26
Yue → Yue 61.53 66.25 56.44 61.41

Reference Baseline (English Source Data)
En → En 69.69 46.92 64.38 60.33

Table 11: Cross-lingual transfer performance for Yi-1.5-
9B.

Setting Imp. Pre. Ref. Avg.

En → Yue 64.46 60.35 60.31 61.71
Zh → Yue 65.88 51.12 61.49 59.50
Yue → Yue 63.46 53.41 60.59 59.15

Reference Baseline (English Source Data)
En → En 66.36 64.85 63.40 64.87

Table 12: Cross-lingual transfer performance for Aya-
23-8B.

rather than acting as an absolute refusal, the state-
ment functions more as a negotiation of conditions.

Case 2: Successful Transfer / Polite Refusal
Figure 19 demonstrates a highly successful transfer.
Listeners in both English and Cantonese automat-
ically infer the underlying meaning that attending
the event is “infeasible.” This indirect approach
functions as a mutual face-saving strategy, serving
as a much more polite alternative to a direct refusal
(e.g., “I’m not going”).

Case 3: Failed Transfer / Polite Evasion vs. Lit-
eral Interpretation Figure 20 illustrates a failed
transfer. In English, the phrase “Maybe I will some-
day” typically serves as a polite evasion, carry-
ing the implicature “I haven’t read it and probably
won’t.” Conversely, in Cantonese, this statement
is much more likely to be interpreted literally, sug-
gesting a genuine possibility that the speaker will
read it in the future.

Case 4: Failed Transfer / Indirect Negative vs.
Literal Willingness Figure 21 presents another
failed transfer. While the English response implies
an indirect negative, uncertainty, or that the speaker
is “probably not a fan,” the Cantonese interpretation
defaults to a literal willingness to try. The strong
English implicature of “not really” does not effec-
tively transfer over to Cantonese in this context.
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Context Translation

请将以下这段英文所有内容都翻译成粤语，句子如下：{text}。只需要输出翻译后的内容，不需要分析。

Options Translation

请将以下这段英文所有内容都翻译成粤语，句子如下：{text}。按照原列表格式输出，不需要分析。

Back Translation (Quality Check)

请将以下这段粤语繁体字的所有内容都翻译成英文，句子如下：{text}。
只需要输出翻译后的完整内容，不需要分析。

Figure 7: Prompt templates used for data construction and quality verification.

English to Cantonese (Zero-shot)

You are now working on a task about pragmatic phenomena, with the topic being ’Implicature (Direct classification)’.
Based on the given sentence, please select the most appropriate answer from the provided options. The sentence is as
follows: {text}. The options are as follows:{options}. ###Note: Only output the answer, no analysis is required.

Mandarin to Cantonese (Zero-shot)

你现在在做关于语用使用现象的题目，主题是'含义（直接分类）',请你根据给定的句子，从给定选项中选出
最正确的答案。 句子如下:{text}。 选项如下:{options}。 ###注意，只需要输出答案，不需要进行分析。

Cantonese to Cantonese (Zero-shot)

你而家喺做一条同语用使用现象有关嘅题目，主题係'含意（直接分類）'。请你根据畀你嘅句子，喺提供嘅选项
入面揀出最正确嘅答案。句子如下:{text}。選項如下：{options}。###留意，只需要輸出答案，唔使分析。

Figure 8: Prompt templates for Zero-shot evaluation across three source languages.
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English to Cantonese (CoT)

You are now working on a task about pragmatic phenomena, with the topic being ’Implicature (Direct classification)’.
Based on the given sentence, please select the most appropriate answer from the provided options.
The sentence is as follows: {text}. The options are as follows: {options}.
###Note: Please provide your response strictly in the following JSON format with a two-step CoT structure: {’Step 1’:
’<analysis process>’, ’Step 2’: ’<final answer>’}. Step 2 only needs to output the final option.

Mandarin to Cantonese (CoT)

你现在在做关于语用使用现象的题目，主题是'含义（直接分类）',请你根据给定的句子逐步分析，然后从给定
选项中选出最正确的答案。
句子如下:{text}。选项如下:{options}。
###注意，请严格按照以下JSON格式并采用两步推理（CoT）结构来作答：{'Step １': '<分析过程>', 'Step ２':
'<最终答案>'}。第二步只需要输出最终选项即可。

Cantonese to Cantonese (CoT)

你而家喺做一条同语用使用现象有关嘅题目，主题係'含意（直接分類）'。请你根据畀你嘅句子，喺提供嘅选项
入面揀出最正确嘅答案。
句子如下:{text}。 選項如下：{options}。
###注意，请严格跟从以下 JSON 格式，并用两个步骤嘅推理（CoT）结构作答：{'Step １': '<分析过程>',
'Step ２': '<最终答案>'}。第二步只需要输出最后嘅选项即可。

Figure 9: Prompt templates for Chain-of-Thought (CoT) evaluation.

English to Cantonese (Few-shot)

You are now working on a task about pragmatic phenomena, with the topic being ’Implicature (Direct classification)’.
Based on the given sentence, please select the most appropriate answer from the provided options.
###Example are as follows: {k-shot samples}.
The sentence is as follows: {text}. The options are as follows:{options}. ###Note: Only output the answer, no analysis
is required.

Mandarin to Cantonese (Few-shot)

你现在在做关于语用使用现象的题目，主题是'含义（直接分类）',请你根据给定的句子，从给定选项中选出
最正确的答案。
###示例如下: {k-shot samples}.
句子如下: {text}. 选项如下:{options}. ###注意，只需要输出答案，不需要进行分析。

Cantonese to Cantonese (Few-shot)

你而家喺做一条同语用使用现象有关嘅题目，主题係'含意（直接分類）'。请你根据畀你嘅句子，喺提供嘅选项
入面揀出最正确嘅答案。
###例子如下: {k-shot samples}.
句子如下: {text}. 選項如下:{options}. ###留意，只需要輸出答案，唔使分析。

Figure 10: Prompt templates for Few-shot evaluation.

18



Implicature Presupposition Reference0.3

0.4

0.5

0.6

0.7

0.8

0.9

1.0

Ac
cu

ra
cy

English-Cantonese

Implicature Presupposition Reference

Mandarin-Cantonese

Implicature Presupposition Reference

Cantonese-Cantonese
2-shot
4-shot
8-shot
16-shot

Figure 11: Performance scaling of Mistral-7B. The results demonstrate a consistent performance improvement as
context increases (EN-YUE: r = 0.91, p = 0.09; ZH-YUE: r = 0.96, p = 0.04; YUE-YUE: r = 0.98, p = 0.02).
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Figure 12: Performance scaling of Gemma-2-9B. The results demonstrate strong positive scaling, particularly in
native and Mandarin transfer settings (EN-YUE: r = 0.77, p = 0.13; ZH-YUE: r = 0.97, p = 0.02; YUE-YUE:
r = 0.99, p = 0.004).
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Figure 13: Performance scaling of Llama-3.1-8B. Unlike other models, Llama-3.1 shows mixed or negative
scaling trends in certain settings (EN-YUE: r = 0.52, p = 0.30; ZH-YUE: r = −0.89, p = 0.10; YUE-YUE:
r = −0.77, p = 0.22).
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Figure 14: Performance scaling of DeepSeek-7B. The model exhibits volatility across different source languages
(EN-YUE: r = 0.52, p = 0.03; ZH-YUE: r = −0.92, p = 0.07; YUE-YUE: r = 0.77, p = 0.03).
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Figure 15: Performance scaling of CantoneseLLM (CLLM). As a specialized model, its few-shot gains are relatively
flat or fluctuating compared to generalist models (EN-YUE: r = 0.58, p = 0.40; ZH-YUE: r = −0.54, p = 0.40;
YUE-YUE: r = −0.28, p = 0.60).
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Figure 16: Performance scaling of Yi-1.5-9B. The statistical analysis indicates weak or negative correlations in this
setting (EN-YUE: r = 0.58, p = 0.40; ZH-YUE: r = −0.54, p = 0.40; YUE-YUE: r = −0.287, p = 0.60).
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Figure 17: Performance scaling of Aya-23-8B. The model shows generally positive scaling trends across all settings
(EN-YUE: r = 0.72, p = 0.28; ZH-YUE: r = 0.60, p = 0.23; YUE-YUE: r = 0.86, p = 0.10).

YUE

{"pretext": "背景：Y 啱啱由另一個城市嚟搵 X。問：今晚想唔想出去玩吓？答：我聽日朝早要好早起身。",
"options": ["直接回答", "間接回答"], "correct answer": "間接回答", "id": "６８"}

EN

{”pretext”: ”Context: Y has just travelled from a different city to meet X. Question: Do you want to go partying tonight?
Response: I need to get up very early tomorrow morning.”, ”options”: [”Direct answer”, ”Indirect answer”], ”correct
answer”: ”Indirect answer”, ”id”: ”68”}

Figure 18: Successful case 1 for English-to-Cantonese pragmatic transfer.

YUE

{"pretext": "背景：X同Y係星期五同一時間收工嘅同事。問：想唔想出去飲杯咖啡/飲啲嘢？答：我老婆五分鐘
後會嚟接我。", "options": ["直接回答", "間接回答"], "correct answer": "間接回答", "id": "６７"}

EN

{”pretext”: ”Context: X and Y are colleagues who are leaving work on a Friday at the same time. Question: Want to grab
a coffee/drink? Response: My wife is expecting me in five minutes.”, ”options”: [”Direct answer”, ”Indirect answer”],
”correct answer”: ”Indirect answer”, ”id”: ”67”}

Figure 19: Successful case 2 for English-to-Cantonese pragmatic transfer.

YUE

{"pretext": "背景：X 想知道 Y 喜欢睇边啲书。问：你睇过《教育论》未呀？答：可能我迟啲会睇。", "op-
tions": ["直接回答", "間接回答"], "correct answer": "間接回答", "id": "１９６"}

EN

{”pretext”: ”Context: X wants to know what sorts of books Y likes to read. Question: Have you ever read The Education?
Response: Maybe I will someday.”, ”options”: [”Direct answer”, ”Indirect answer”], ”correct answer”: ”Indirect answer”,
”id”: ”196”}

Figure 20: Failed case 1 for English-to-Cantonese pragmatic transfer.
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YUE

{"pretext": "背景: X想知道Y嘅飲食偏好。問: 你鍾唔鍾意食辣嘅嘢？答: 我試吓。", "options": ["直接回答",
"間接回答"], "correct answer": "間接回答", "id": "２０６７"}

EN

{”pretext”: ”Context: X wants to know about Y’s food preferences. Question: Do you like spicy/hot food? Response:
I’ll try it.”, ”options”: [”Direct answer”, ”Indirect answer”], ”correct answer”: ”Indirect answer”, ”id”: ”2067”}

Figure 21: Failed case 2 for English-to-Cantonese pragmatic transfer.
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