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Abstract

Pragmatic understanding is essential for natural human
communication, yet most existing studies focus on text-only
settings. In this paper we introduce YUE-PUB-Speech, the first
multimodal pragmatic dataset for Cantonese, a low-resource
language, constructed by sampling pragmatically rich texts and
recording corresponding speech by trained annotators. The cor-
pus provides paired text–speech instances that capture prag-
matic meaning in spoken language without requiring fine-
grained phonological or word-level alignment. Baseline exper-
iments show that incorporating speech signals improves prag-
matic understanding compared to text-only models, highlight-
ing the importance of multimodal resources for pragmatic re-
search in speech and language processing. 1

Index Terms: pragmatic understanding, computational paralin-
guistics, low-resource languages, under-resourced languages

1. Introduction
Pragmatic understanding—the ability to infer speaker intent be-
yond literal meaning—is fundamental to natural human com-
munication [1]. In normal conversation, listeners usually rely
on conversational implicature, presuppositions, reference res-
olution, and figurative language; these are often conveyed or
disambiguated through speech-specific signals such as intona-
tion, stress, rhythm, and timing [2]. This focus goes beyond
paralinguistics, which studies non-lexical vocal signals, such as
emotion, prosody, and voice quality, that accompany speech but
are not primarily defined as meaning-bearing inferences over a
discourse context [3, 4, 5, 6]. While both areas benefit from
acoustic modeling, pragmatic understanding centers on contex-
tual meaning and inference, where prosody can change what an
utterance implies rather than merely how it is delivered [7].

Despite the centrality of spoken cues, most pragmatic
benchmarks are text-only. For example, PUB [8] consoli-
dates multiple expert-annotated datasets into a unified multiple-
choice format and has become a useful testbed for pragmatic
reasoning, but it does not evaluate whether models can ex-
ploit speech signals. Conversely, the speech community has
developed many spoken corpora and paralinguistic benchmarks
with rich audio, but they are rarely designed around pragmatic
phenomena and typically lack pragmatic supervision aligned to
contextual inference. This leaves a gap in evaluation: we lack
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1Data available at: https://huggingface.co/datasets/

Multilingual-NLP/YUE-PUB-Speech.

benchmarks that jointly model pragmatics and speech, espe-
cially for under-resourced languages such as Cantonese, where
pragmatics-oriented resources are scarce.

This gap is particularly important in low-resource settings:
with limited labeled data, models have fewer opportunities to
learn reliable prosody–pragmatics mappings, and pragmatic
conventions are often culturally embedded, making transfer
from high-resource languages unreliable. As a result, text-only
evaluation can mask speech-specific failure modes, and it is un-
clear whether recent audio-language models achieve pragmatic
competence under real low-resource conditions.

Recent multimodal and audio-language models further mo-
tivate this benchmark: combining speech and text can improve
language understanding [9] yet it remains unclear when au-
dio truly helps pragmatic inference. To address this, we in-
troduce YUE-PUB-Speech, a speech-based pragmatic under-
standing benchmark for Cantonese. Starting from PUB [8], we
translate pragmatically rich instances into Cantonese and collect
matched recordings from native speakers to create aligned text–
speech pairs in a unified multiple-choice question–answering
form. Recordings are conducted under a consistent protocol and
quality-checked for transcript–audio consistency, yielding pairs
where pragmatic interpretation can draw on both lexical content
and speech cues. This enables controlled comparisons between
text-only, audio-only, and multimodal approaches, and supports
analysis of when speech helps across pragmatic categories.

Using YUE-PUB-Speech, we benchmark text-only, audio-
only, and text–audio models, finding that adding audio improves
over text-only baselines, while audio-only models lag behind,
showing that the task needs both linguistic content and speech
cues; among simple fusion methods, feature concatenation with
openSMILE is particularly effective for implicature. We release
YUE-PUB-Speech, the first multimodal pragmatic dataset for
Cantonese, with 10.87 hours of recorded speech paired with
translations of PUB instances. Its unified QA formulation and
evaluation suite provide a testbed for comparisons across mod-
eling paradigms and for analyzing when speech signals improve
pragmatic inference in a low-resource spoken setting.

2. Related Work
Pragmatics studies how context and speaker intent shape mean-
ing beyond literal content (e.g., implicature, deixis) [1, 10].
Work on pragmatics has largely relied on text-only benchmarks
such as PUB [8], which consolidates multiple resources into a
standardized evaluation format. Yet purely textual setups can
encourage “lexical dominance”: models succeed by leaning on
transcribed semantics while under-using the acoustic evidence
carrying important meaning in speech [1, 11, 12].
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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.)

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"

Case

Four native Cantonese speakers
(two males and two females)

Case

Text script

TTS

Size: 1680dialogues
Task: Pragmatics
Eval: Accuracy

Multimodal data

Figure 1: The overall construction pipeline of YUE-PUB-Speech with an example instance.

The speech community has established voice reasoning re-
sources like MIAM [13] for dialogue acts and SynParaSpeech
[14] for acoustic state detection. Yet, these typically focus on
lower-level recognition rather than higher-order reasoning [15].
Recent benchmarks [16, 17, 12] have identified a significant
voice reasoning gap, demonstrating that even models with high
transcription accuracy struggle with multi-step procedural and
normative reasoning in spoken interactions. This suggests that
“transcribing” a signal is fundamentally distinct from “listen-
ing” to its pragmatic intent.

This scarcity in paired text–speech data for reasoning tasks
is also pronounced for low-resource languages like Cantonese.
Recent benchmarks such as CantoNLU [18] and HKCanto-
Eval [19] began assessing Cantonese Large Language Models
(LLMs) on syntax, semantics, and cultural meta-knowledge.
Yet resources pairing text–speech for higher-level, pragmatics-
driven reasoning are still limited [20]. We address this by intro-
ducing YUE-PUB-Speech, which brings PUB-style pragmatic
evaluation into a spoken Cantonese setting.

3. Dataset
3.1. Dataset Construction Process

To construct YUE-PUB-Speech, we use a multimodal data col-
lection framework (cf. Figure 1) that proceeds in 3 stages: text
construction, text validation, and audio recording. We first de-
rive and standardize pragmatically rich text instances from ex-
isting high-quality English benchmarks (Stage 1) and translate
them into Cantonese using a combination of automated transla-
tion and human verification to ensure linguistic naturalness and
pragmatic fidelity (Stage 2). Building upon the validated Can-
tonese scripts, we collect high-quality speech recordings from
native speakers in a controlled acoustic environment (Stage 3).
This design allows us to extend text-based pragmatic bench-
marks into the spoken domain, enabling systematic study of
how speech signals contribute to pragmatic understanding in
Cantonese. We describe the detailed process as follows:

Stage 1: Text Data Collection. We build YUE-PUB-
Speech upon the publicly available PUB benchmark [8], which
integrates multiple expert-annotated datasets, including CIRCA
[21], GRICE [22], FigQA [23], FLUTE [24], and IMPPRES
[25]. Together these resources encompass a broad range of
pragmatic phenomena, such as conversational implicature, pre-
supposition, and figurative language. To ensure uniform eval-
uation, all data are converted into a question–answering for-
mat with answer options, enabling consistent comparison across
pragmatic categories and reflecting practical discriminative sce-
narios in dialogue systems.

Stage 2: Text Script Construction. Our construction fol-

Table 1: Data quality evaluation results (text). The upper
section reports automated metrics comparing model outputs
against human-verified references. The lower section details
human ratings averaged over 14 tasks.

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

lows a three-stage pipeline comprising prompt construction, au-
tomated translation, and manual verification. First, to accom-
modate the heterogeneous formats of the original datasets (e.g.,
NLI and classification), we design task-specific templates that
structure raw instances into a unified question–answering for-
mat, as illustrated in Figure 1. Next, we employ Gemini [26] to
translate the English instances into Cantonese, covering back-
ground context, questions, and answer options while preserving
pragmatic nuances. Finally, to address the low-resource nature
of Cantonese and the lack of standardized norms, we conduct
a dual-stage human verification process in which two native
Cantonese speakers review and refine the translations to ensure
linguistic naturalness and pragmatic fidelity. Instances that ex-
hibit cultural mismatch in the Cantonese context are removed to
maintain cultural validity.

This dual-stage verification process focuses on both linguis-
tic quality and semantic consistency. In the first stage, annota-
tors revise literal translation errors and adjust expressions to en-
sure idiomatic Cantonese usage, grammatical correctness, and
overall naturalness. In the second stage, an additional review is
performed to unify lexical choices and terminology across the
dataset. When ambiguities arise, annotators consult the Mod-
ern Cantonese Dictionary [27] to standardize terminology and
maintain consistency. Together, this mechanism ensures native-
level fluency while rigorously preserving the logical structure
required for pragmatic reasoning.

To assess translation quality, as shown in Table 1, we com-
bine automatic and human evaluations. For automatic evalu-
ation, the Cantonese translations are first back-translated into
English and then compared against the original English refer-
ences. We report BLEU-4 [28] and chrF++ [29] to measure lex-



ical and character-level correspondence, and BERTScore [30]
and SBERT [31] to evaluate semantic similarity. The dataset
achieves consistently high scores across all metrics, with an av-
erage BERTScore above 94.0, indicating strong preservation of
pragmatic meaning during translation. In addition, following
established machine translation protocols [32, 33], we conduct
human evaluation on the whole dataset, annotated by four native
Cantonese speakers using a 5-point Likert scale across Gram-
mar, Fluency, Adequacy, and Idiomaticity. The results show
consistently high ratings (above 3.9 on average), with particu-
larly strong performance in Idiomaticity (3.96), confirming that
the translations are natural, fluent, and pragmatically faithful.

Stage 3: Audio Data Collection. After obtaining the
Cantonese text, we record corresponding speech to construct
aligned text–speech pairs. The process is conducted by four na-
tive Cantonese speakers (two male and two female), all univer-
sity students aged 21–23, ensuring both linguistic proficiency
and demographic consistency among speakers.

The dataset contains both single- and multi-speaker in-
stances depends on task types. For single-speaker setting, con-
texts and corresponding questions are evenly divided between
male and female speakers: each records half the background
and half the questions. For multi-speaker dialogues, male and
female speakers alternate, with speaker roles systematically
swapped to balance speaker identity and interaction patterns.

All recordings are collected in a quiet, sound-absorbing
booth (acoustic foam panels) to minimize noise. Each speaker
uses a dedicated professional microphone with a pop filter for
high-quality capture. For each instance, we collect a record-
ing from native Cantonese speakers under a consistent proto-
col: speakers read the full dialogue context before recording;
deliver a natural rendition that reflects the intended pragmatic
phenomenon; and avoid exaggerated acting while still realizing
pragmatically licensed prosodic contrasts. We conduct qual-
ity control and re-record samples failing these checks. When
pronunciation inconsistencies arise, annotators consult standard
Cantonese dictionaries to correct and unify pronunciations, en-
suring consistency and linguistic accuracy across the dataset.

3.2. Dataset Statistics

The YUE-PUB-Speech dataset contains 1,680 Cantonese dia-
logue instances, comprising ∼11 hours of recorded speech, and
spanning three core pragmatic phenomena: implicature, pre-
supposition, and reference. The benchmark is organized into
14 tasks derived from 7 high-quality source datasets, with each
task characterized by distinct dialogue structures and pragmatic
demands. We group them into 3 categories:

(a) Implicature. Implicature is meaning implied rather
than explicitly stated, when speakers convey information be-
yond the literal content of their utterance, often relying on
shared context and conversational norms. Implicature-focused
tasks (Tasks 1–10) form the largest dataset subset, with a to-
tal of 1,200 dialogues. These are drawn from CIRCA, GRICE,
FigQA, FLUTE, and IMPPRES and are primarily designed as
two-speaker conversations. Dialogue complexity varies sub-
stantially across tasks: simpler settings such as Tasks 5–7 con-
tain short exchanges with an average of 1–2 turns per dialogue,
while more complex scenarios such as Task 4 (GRICE) exhibit
longer interactions, averaging 11.6 turns and 11.6 utterances per
dialogue. Across all implicature tasks, dialogues contain 22.9–
155.6 words on average, with dialogue durations ranging from
9.1–42.1 seconds. This diversity reflects a wide spectrum of
implicature realizations, from brief conversational inferences to

extended pragmatic reasoning over multi-turn discourse.
(b) Presupposition. Presupposition is information a

speaker assumes true or already accepted by the listener. It re-
mains constant even under negation and typically reflects back-
ground assumptions embedded in linguistic expressions. Pre-
supposition understanding is covered by Tasks 11 and 12: 240
dialogues sourced from IMPPRES and DailyDialog. These
tasks involve 4 distinct speakers and exhibit richer conversa-
tional structures compared to most implicature tasks. Task 11
features relatively compact dialogues with an average of 2 turns
and 39.7 words per dialogue, while Task 12 contains longer con-
versations, averaging 5.8 turns, 7.4 utterances, and 130.4 words
per dialogue. Dialogue durations range from 14.8–38.7 sec-
onds, indicating increased contextual dependency and discourse
continuity required for presupposition inference.

(c) Reference. Presupposition is information a speaker as-
sumes is true or already accepted by the listener. It remains
constant even under negation and typically reflects background
assumptions embedded in linguistic expressions. Reference res-
olution is addressed in Tasks 13 and 14: 240 dialogues derived
from GRICE and Metonymy. These involve 4 speakers and
demonstrate the greatest variation in dialogue length. Task 13
has the most complex setting in the dataset, averaging 21 turns,
22 utterances, and 294.3 words per dialogue, with an average
duration of 75.3 seconds. Task 14 consists of concise dialogues
with only 2 turns and 42.6 words on average. This contrast cap-
tures both extended referential grounding across long conversa-
tions and localized reference phenomena in short exchanges.

Overall, YUE-PUB-Speech exhibits substantial diversity
in dialogue length, speaker configuration, and pragmatic struc-
ture, making it a challenging and realistic benchmark for evalu-
ating pragmatic understanding in spoken Cantonese.

4. Experiments and Results
To evaluate the usability of the YUE-PUB-Speech dataset for
pragmatic analysis, we investigate 3 representative categories
of baseline methods: single-modality models using either text
or speech features alone; an LLM-based framework concatenat-
ing audio encoder representations with textual inputs; and audio
language models (ALMs) evaluated under a zero-shot setting.
This design enables a systematic comparison across different
modeling paradigms and allows us to examine the contribution
of speech signals to pragmatic understanding.

4.1. Setup

To evaluate the proposed dataset, we select a set of mod-
els covering open-source and closed-source ALMs and LLMs,
and commonly used speech encoders. The selected open-
source models include Qwen2.5-7B-Instruct [34], SALMONN
[35], Qwen2.5-Omni [36], and WavLLM [37], together with
the closed-source Gemini-2.5-Pro [38]. These models repre-
sent different design paradigms for language and multimodal
reasoning. For speech representation, we consider a range of
audio encoders with varying modeling characteristics: hand-
crafted acoustic features (eGeMAPSv02) extracted by openS-
MILE [39], self-supervised speech encoders such as Whisper-
small [40], wav2vec [41], and HuBERT-based [42] models, and
a HuBERT-Chinese model with strong acoustic representation
learning. By combining different LLMs and audio encoders, we
aim to systematically analyze the impact of model architecture
and speech representations on pragmatic understanding. We re-
port accuracy as the primary evaluation metric for all tasks.



Table 2: YUE-PUB-Speech Dataset General Statistics. Benchmark covers 3 major pragmatic categories from 7 high-quality source
datasets. Size shows number of dialogue instances in each task; source shows original benchmark from which the task is derived.

Task ID Size Hours Phenomena Source #Speakers #Labels #dialogs #words #utterances #turns Avg utt/dialog Avg words/dialog Avg dialog dur(sec) Task Type
Task 1-2 240 1 Implicature CIRCA 2 [2,5] 240 10348 360 240 3 43.13 14.94 Response Classication
Task 3 120 0.67 Implicature CIRCA 2 5 120 7946 480 360 4 66.22 20.24 Response Classication
Task 4 120 1.4 Implicature GRICE 2 4 120 18666 1392 1392 11.6 155.55 42.09 Implicature Recovery
Task 5-6 240 0.76 Implicature FigQA 2 2 240 7784 240 240 2 32.43 11.46 Agreement / Sarcasm Detection
Task 7 120 0.3 Implicature FLUTE 2 [2,3] 120 2752 120 120 1 22.93 9.14 Figurative Language Understanding
Task 8-9 240 1.64 Implicature FLUTE 2 [2,3] 240 19008 240 240 2 79.2 24.66 Figurative Language Understanding
Task 10 120 0.41 Implicature IMPPRES 2 3 120 3635 240 240 2 30.29 12.29 Implicature NLI
Task 11 120 0.49 Presupposition IMPPRES 4 3 120 4760 240 240 2 39.67 14.84 Presupposition NLI
Task 12 120 1.29 Presupposition DailyDialog 4 2 120 15643 891 706 7.425 130.36 38.70 Presupposition over QA
Task 13 120 2.51 Reference GRICE 4 2 120 35311 2640 2520 22 294.26 75.29 Deicitc QA
Task 14 120 0.4 Reference Metonymy 4 4 120 5108 240 240 2 42.57 12.12 Reference via Metonymy
Total 1,680 10.87 - - - - 1,680 130,961 7,383 6,538 - - - -

4.2. Experiments

We conduct experiments under 3 settings to evaluate pragmatic
understanding on YUE-PUB-Speech, to systematically com-
pare different modeling paradigms and analyze the impact of
speech signals on pragmatic understanding:

Unimodal inference: We investigate unimodal inference
under both text-only and speech-only conditions. For text-only,
we consider 2 configurations based on the Qwen2.5-7B-Instruct
model: zero-shot prompting and supervised fine-tuning (SFT)
with LoRA, where the SFT results are reported using 5-fold
cross-validation. For the speech modality, we evaluate zero-
shot inference using Qwen2.5-Omni, in which only raw speech
is provided as input. This aims to assess the individual contri-
bution of text and speech modalities.

Text–audio feature concatenation: We adopt a text–audio
feature concatenation framework under an SFT paradigm, ex-
tracting acoustic representations with different speech encoders;
concatenate them with the text input; and fine-tune Qwen2.5-
7B-Instruct via LoRA-based SFT. Performance is evaluated via
5-fold cross-validation. This isolates the effect of different
speech encoders under the same LLM and supervision.

End-to-end ALMs: We evaluate open- and closed-source
ALMs that take both speech and text input and perform prag-
matic reasoning in a zero-shot regime. This benchmarks current
multimodal capabilities without task-specific training.

All experiments were run on 2 × NVIDIA A6000 GPUs
with 48GB memory each. For generation, we used a sampling
configuration with a 1.0 top-p value and a 0.2 temperature. For
supervised fine-tuning, we adopted LoRA with a rank of 8, al-
pha value of 16, and dropout rate of 0.05 across all SFT set-
tings. All SFT experiments are evaluated using 5-fold cross-
validation, with a 4:1 train/test split within each fold.

4.3. Results and Discussion

Table 3 presents the main experimental results on YUE-PUB-
Speech. Across all architectures, Presupposition consistently
emerges as the most challenging category, yielding lower
scores than Implicature and Reference due to its reliance on
deep logical deduction of unstated assumptions. In terms
of baselines, the SFT method proves critical for pragmatic
alignment. Textsft significantly outperforms zero-shot ap-
proaches (gaining nearly 10% in Implicature), demonstrating
that SFT is essential for capturing specific conversational Can-
tonese maxims raw embeddings miss. For reasoning-intensive
tasks (Presupposition and Reference), Gemini-2.5-Pro’s domi-
nance in these metrics (peaking at 82.50% on Reference) un-
derscores the unique advantage of end-to-end multimodal ar-
chitectures, which effectively synergize advanced logical rea-
soning with cross-modal contextualization to solve complex
pragmatic inferences. However, in the Implicature tasks, the

Table 3: Main experimental results on YUE-PUB-Speech,
comparing unimodal, text–audio concatenation, and ALM ap-
proaches for pragmatic understanding. Imp., Pre., and Ref. cor-
respond to the 3 pragmatic categories: Implicature, Presuppo-
sition, and Reference, respectively. Avg. denotes the overall
accuracy averaged across all tasks.

Setting Imp. Pre. Ref. Avg.
Unimodal Baselines

Audiozero−shot 50.83 37.50 58.75 50.06
Textzero−shot 55.64 52.42 60.50 56.19
Textsft 65.79 56.42 61.50 61.24

Text–Audio Feature Concatenation (Qwen2.5-7B as LLM)

Whisper-small 63.17 54.58 66.25 62.38
hubert-based 68.50 58.75 68.33 67.08
wav2vec 71.33 62.50 69.58 69.82
hubert-chinese 71.50 62.92 70.00 70.06
openSMILE 80.33 66.67 75.00 77.62
Audio-Language Models
WavLLM 53.00 48.33 50.00 51.46
SALMONN 60.48 53.75 47.92 56.97
Qwen2.5-omni 70.58 59.17 67.92 68.57
Gemini-2.5-Pro 74.33 73.75 82.50 75.42

lightweight text-audio feature concatenation with openSMILE
achieves the highest accuracy (80.33%), outperforming even
larger ALMs. This shows the effectiveness of YUE-PUB-
Speech in low-resource settings: incorporating audio consis-
tently boosts performance. Crucially, it indicates that YUE-
PUB-Speech dataset high-quality training data enables effi-
cient, specialized models to surpass generalist Audio-Language
Models in detecting subtle prosodic cues.

5. Conclusions and Limitations
We introduce YUE-PUB-Speech, the first multimodal prag-
matic dataset for Cantonese that aligns pragmatically rich text
with recorded speech to support pragmatic understanding in
spoken language. By focusing on a low-resource language, the
dataset addresses a critical gap in existing pragmatic research,
which has largely been limited to text-only resources. Exper-
imental results demonstrate that incorporating speech signals
consistently improves pragmatic understanding over text-only
baselines, underscoring the importance of multimodal modeling
for Cantonese pragmatics. Nevertheless, our current evaluation
relies on relatively simple baseline settings and does not yet ex-
plore more advanced multimodal integration strategies, which
may limit the full potential of the dataset. In future work, we
plan to expand the dataset to cover a broader range of pragmatic
phenomena, speakers, and speech styles, and to further explore
advanced multimodal approaches for pragmatic reasoning.
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