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Abstract

Puns represent a typical linguistic phenomenon001
that exploits polysemy and phonetic ambiguity002
to generate humour, posing unique challenges003
for natural language understanding. Within004
pun research, audio plays a central role in hu-005
man communication except text and images,006
while datasets and systematic resources for spo-007
ken puns remain scarce, leaving this crucial008
modality largely underexplored. In this pa-009
per, we present APUN-Bench, the first bench-010
mark dedicated to evaluating large audio lan-011
guage models (LALMs) on audio pun under-012
standing. Our benchmark contains 4,434 au-013
dio samples annotated across three stages: pun014
recognition, pun word location and pun mean-015
ing inference. We conduct a deep analysis of016
APUN-Bench by systematically evaluating 10017
state-of-the-art LALMs, uncovering substantial018
performance gaps in recognizing, localizing,019
and interpreting audio puns. This analysis re-020
veals key challenges, such as positional biases021
in audio pun location and error cases in mean-022
ing inference, offering actionable insights for023
advancing humour-aware audio intelligence.024

1 Introduction025

As a typical linguistic phenomenon, puns exploit026

the polysemy of language and create cognitive ten-027

sion through the complex interplay of phonetics,028

orthography, and generating humour (Partington,029

2009). It is not only a vehicle for humorous ex-030

pression, but also embodies a vital manifestation031

of human creativity and communicative flexibility032

(Aleksandrova, 2022), with its inherent ambiguity033

makes it a rigorous test of true language under-034

standing. Miller et al. (2017) and Sun et al. (2022a)035

show that understanding pun phenomenon usually036

requires crossing three levels: determining whether037

there is a pun in the language fragment, locating the038

specific pun, and inferring the implied alternative039

words or double meanings. In terms of applica-040

tions, puns play a significant role in areas such as041

2. PUN LOCATION

Identify the pun word 
in the audio.

1. PUN RECOGNITION

Does the audio contain 
any puns?

Yes, the audio 
contains a pun.

3. PUN INFERENCE
Infer the real word 
intended behind the 
pun word in the audio.

Dentists don’t like 

a hard day at the orifice.

The pun word is 
‘orifice’.

The intended real 
word is ‘office’.

Pun: ‘Orifice’ (mouth 
opening) sounds like 
‘Office’ (workplace).

Audio Pun Understanding

Figure 1: An example of the pun understanding in recog-
nition, location and inference.

education, voice assistants, and entertainment, thus 042

they also provide a critical benchmark for evaluat- 043

ing the capabilities of general artificial intelligence 044

(Morris et al., 2024). 045

Audio puns play a particularly important role 046

in interpersonal communication (Karpenko, 2017; 047

Palmann and Miller, 2025). Unlike text or im- 048

ages, audio is the most common medium of human 049

communication, which carries not only linguistic 050

content but also adds layers of depth and flexibil- 051

ity through acoustic cues. Moreover, audio puns 052

are often shaped by phonetic ambiguity, pronuncia- 053

tion similarity, and acoustic variability (Benzeghiba 054

et al., 2007), endowing them with rich expressive 055

value in communication. It is worth noting that 056

although some rare words may appear, their core 057

challenge lies in speech-level ambiguity and con- 058

textual reinterpretation rather than vocabulary rar- 059

ity (Zheng and Wang, 2022). Therefore, systematic 060

investigation of audio puns contributes to a deeper 061

understanding of human language and cognitive 062
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mechanisms, while presenting new challenges for063

the development of audio understanding and multi-064

modal artificial intelligence.065

Against this backdrop, benchmarking audio puns066

is critical for revealing the limitations of current067

LALMs and for improving their ability to process068

this complex linguistic phenomenon, while related069

research remains markedly underexplored. In re-070

cent years, researchers in natural language process-071

ing and computer vision have introduced several072

pun benchmarks (Ouyang et al., 2024; Xu et al.,073

2024; Zhang et al., 2024) to systematically eval-074

uate the recognition, explanation, and generation075

capabilities of large language models (LLMs) in076

text and image pun tasks, advancing the under-077

standing of written and visual puns. However, sys-078

tematic studies and publicly available datasets ad-079

dressing puns at the phonetic level are still lacking.080

Meanwhile, existing state-of-the-art LALMs have081

focused primarily on relatively basic evaluation082

tasks, such as answering speech questions and mul-083

timodal understanding (speech–video) (Yang et al.,084

2024; Sakshi et al., 2024; Wang et al., 2024; Gao085

et al., 2024; Zhang et al., 2025; Wang et al., 2025).086

While these tasks are essential for testing funda-087

mental audio comprehension, they do not specifi-088

cally address more complex linguistic phenomena089

such as puns. This evaluation gap constrains the090

potential of LALMs to advance toward higher-level091

audio understanding.092

In this work, we introduce APUN-Bench, a093

benchmark for audio pun understanding that com-094

prises 4,434 audio samples, with complete annota-095

tions spanning three stages: pun recognition, pun096

word location, and pun meaning inference. The097

first two stages are identification tasks, requiring098

models to determine whether a given audio clip099

contains a pun and to further locate the punning100

words. Unlike previous research that has primarily101

focused on binary classification or word identifi-102

cation, our design additionally evaluates models’103

ability to perform coarse-grained location in audio,104

thereby revealing their strengths and weaknesses105

at different levels. The third stage, pun meaning106

inference, assesses whether models can correctly107

infer the secondary meanings of three types of puns:108

heterographic, homographic, and homophonic. Ad-109

ditionally, we propose the pun dataset which in-110

tegrates two parts: synthetic data and real-world111

speech data. The synthetic component is created by112

converting existing textual pun corpora into speech113

samples, while the real-world component is col-114

lected from publicly available speech resources 115

to capture authentic speech contexts. We review 116

and evaluate the quality of the speech data and 117

corresponding annotations to ensure the overall re- 118

liability of the dataset. Our evaluation results on 119

APUN-Bench reveal that current LALMs still have 120

significant gaps in the recognition and understand- 121

ing of audio puns. Overall, our key contributions 122

are as follows: 123

• We propose APUN-Bench, the benchmark 124

for audio pun understanding, including 4,434- 125

sample dataset combining synthetic and real- 126

world speech with semi-automatic annotation 127

and human verification. 128

• We comprehensively cover different stages of 129

pun understanding, including pun recognition, 130

pun word location, and pun meaning infer- 131

ence, as well as evaluate systematically on 132

10 open-source and proprietary LALMs using 133

APUN-Bench. 134

• We provide an in-depth analysis of model 135

performance, revealing key insights such as 136

models’ positional bias in pun location and 137

common error types in pun inference, which 138

point to potential directions for future im- 139

provements. 140

2 Related Work 141

2.1 Benchmarks for LALMs 142

A growing number of benchmarks have been de- 143

veloped to evaluate LALMs. General-purpose re- 144

sources such as Audiobench Wang et al. (2024) 145

and Airbench Yang et al. (2024) focus on recogni- 146

tion and generative comprehension across diverse 147

acoustic conditions. More recent work extends 148

this scope: Sakshi et al. (2024) and Wang et al. 149

(2025) assess multi-step spoken understanding and 150

reasoning, while Zhang et al. (2025) highlights 151

challenges in natural conversational settings. Other 152

studies investigate specific dimensions, including 153

cross-modal hallucination (Sung-Bin et al., 2024), 154

dialogue ambiguity (Gao et al., 2024), and reason- 155

ing strategies for structured inference (Ma et al., 156

2025; Xie et al., 2025). 157

2.2 Pun Studies 158

Puns, which rely on polysemy, homonymy and 159

semantic conflict, are one of the most challeng- 160

ing linguistic phenomena for NLP models. Ex- 161

isting research on pun understanding has largely 162
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Data Collection

The boating store had its best sail ever.

A discussion of digging a new mine shaft 
was too deep for him.
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Parler-TTS
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Dentists don't like a hard day at the orifice.
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contains a pun. 
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Figure 2: The Overview of APUN-Benchmark, covering data construction, human annotation and three evaluation
stages: (S1) Pun Recognition, detecting the presence of an audio pun; (S2) Pun Location, identifying the specific
pun word in the audio; and (S3) Pun Inference, inferring its dual meanings.

concentrated on recognition (Miller et al., 2017;163

Diao et al., 2018; Zhou et al., 2020; Jentzsch and164

Kersting, 2023), location (Zou and Lu, 2019), and165

explanation (Sun et al., 2022a), but has also begun166

to explore multimodal extensions such as visual167

puns (Zhang et al., 2024). Beyond understanding,168

scholars have further investigated automatic pun169

generation (Yu et al., 2018; Luo et al., 2019; Sun170

et al., 2022b; Su et al., 2025) and systematic evalu-171

ation of the ability of large-scale language models172

to understand puns (Xu et al., 2024). However, as173

a central form of human communication, speech174

remains largely unexplored in pun research, and175

there is an urgent need for relevant benchmarks and176

systematic studies.177

3 Benchmark178

Our goal is to evaluate the abilities of LALMs179

in understanding puns. Specifically, we aim to180

analyze the detection and deep semantic reason-181

ing when processing puns in spoken language of182

current LALMs and provide insights for building183

more robust models with enhanced language under-184

standing. As existing benchmarks focus primarily185

on pun research within textual modalities, we in-186

troduce the APUN-Bench, designed to measure a187

model’s ability to detect and infer pun-related phe-188

nomena in speech. Figure 2 provides an overview189

of the benchmark, including data collection, human190

annotation and task descriptions.191

Overview of APUN-Bench. Inspired by pun192

research on unimodal text, APUN-Bench com-193

prises three main stage categories: pun recogni-194

tion, pun word location, and pun meaning infer-195

ence. Pun recognition is a binary classification196

task to determine whether a speech segment con- 197

tains a pun, aligning with prior work (Xu et al., 198

2024). The pun location stage focuses on the spe- 199

cific pun word, including localization and identifi- 200

cation subtasks. The pun meaning inference stage 201

evaluates understanding of the secondary meaning, 202

with subtasks designed for homophonic, hetero- 203

graphic, and homographic puns (Su et al., 2025). 204

In this study, compound puns that involve multi- 205

ple punning words within the same sentence are 206

not considered. In total, APUN-Bench consists 207

of 4,434 audio clips, including 2,971 audio puns 208

paired with their corresponding pun words and in- 209

ferred alternative words, as well as 1,463 negative 210

samples. 211

3.1 Data Collection 212

The dataset construction consists of two main com- 213

ponents: (1) Synthetic Audio Dataset: Audio sam- 214

ples synthesized from existing pun text data; (2) 215

Real-world Audio Dataset: Audio data collected 216

from real-world sources, including human record- 217

ings and publicly available websites, followed by 218

editing and annotation. 219

Synthetic Audio Dataset. One challenge in con- 220

structing the benchmark is collecting audio data 221

and performing fine-grained annotations. To ad- 222

dress this, we used the existing SemEval 2017 pun 223

text dataset (Miller et al., 2017), which comprises 224

2,389 positive instances (puns) and 1,152 negative 225

instances (non-puns). The positive set comprises 226

instances annotated with both the punning word 227

and its corresponding replacement. Then, we em- 228

ploy state-of-the-art speech synthesis Parler-TTS 229

(Lacombe et al., 2024; Lyth and King, 2024) to 230
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Dataset Heterographic Homophonic Homographic Negative Overall

Synthetic Dataset 794 304 1298 1,152 3,541
- Segment Clip (s) 4.18 4.36 3.88 3.47 3.97
- Sentence Length 12.21 13.89 11.68 8.50 11.57

Real-World Dataset 223 72 287 311 582
- Segment Clip (s) 6.36 6.16 5.34 6.73 6.14
- Sentence Length 11.12 11.40 11.55 10.88 11.23

Table 1: APUN-Bench data statistics, including average
audio clip duration and sentence length.

randomly assign each text to one of 34 distinct231

synthetic speakers, ensuring diversity in speaker232

characteristics. More details can be found at Ap-233

pendix B.234

Real-world Audio Dataset. In addition to the235

synthetic audio dataset, we collect publicly avail-236

able videos and manually segment the speech con-237

tent from the O. Henry Museum Pun-Off 1, a long-238

standing global pun competition where contestants239

must create puns within a limited time to com-240

pete for the championship. To address the limited241

availability of public audio data, we further col-242

lect data from pun websites 2 and create realistic243

pun speech by manual recording. Some details can244

be found in Appendix E.1. Furthermore, we con-245

structed negative samples from real speech. The246

dataset contains 582 positive samples and 311 neg-247

ative samples. These annotated data effectively248

introduce the challenge of understanding puns in249

audio, requiring models to accurately detect and250

interpret them under complex conditions. In to-251

tal, our dataset comprises 3,541 synthetic and 892252

real-world audio samples, ensuring diversity across253

data sources. Table 1 presents the statistics of both254

synthetic and real-world data.255

3.2 Dataset Construction256

We provide detailed descriptions for 3 different257

stages, comprising a total of 6 subtasks.258

Stage 1: Pun Recognition. This task assesses259

the model’s ability to detect the presence of puns260

in audio, which serves as a prerequisite for more261

fine-grained comprehension and reasoning tasks.262

Inspired by (Xu et al., 2024), we construct the ques-263

tion format that include both pun and non-pun to264

mitigate potential biases, whose primary question265

format is "Determine whether the given audio is a266

pun/non-pun".267

Stage 2: Pun Location. This task evaluates the268

ability of LALMs to localize pun words within spo-269

ken sentences. We investigate whether a model that270

can already detect the presence of a pun in audio271

1https://www.punoffatx.brushsquaremuseums.org/
2https://pun.me/

may still struggle to accurately identify the specific 272

pun word. To enable more granular evaluation, we 273

divide this task into two levels: (1). Coarse-grained 274

Location: The model is evaluated for its ability to 275

accurately locate the approximate location of pun 276

words in the audio, without requiring the semantic 277

accuracy of the identified words. Even if the model 278

locates a semantically inaccurate word, as long as 279

its location makes sense, it is considered correct. 280

(2). Fine-Grained Location: this subtask further re- 281

quires the model to accurately identify actual puns 282

word in the audio. 283

For real-world speech data, manually labeling 284

each audio segment in fine-grained detail is time- 285

consuming. Previous research has demonstrated 286

that leveraging LLMs to assist in dataset construc- 287

tion is both efficient and feasible (Gong et al., 2023; 288

Liu et al., 2023; Hyun et al., 2024). Xu et al. 289

(2024)) has demonstrated that Claude ranks among 290

the best existing models for understanding text- 291

based puns. Accordingly, we first transcribe the 292

audio into text using the Whisper-large model (Rad- 293

ford et al., 2022), and then employ Claude-Opus 294

(particularly Claude-Opus-4-1) (Anthropic, 2025) 295

to identify and locate the puns. To enhance its 296

task comprehension and annotation accuracy, we 297

prompt Claude-Opus with a small set of manually 298

annotated examples along with feedback. More 299

details can be found in the appendix D. 300

Stage 3: Pun Inference. This task evaluates 301

the ability of LALMs to infer the intended mean- 302

ing of puns in spoken sentences. Based on the 303

characteristics, puns are classified into three cate- 304

gories for evaluation: heterographic, homophonic, 305

and homographic: (1) Heterographic puns involve 306

words with similar but not identical pronunciations. 307

For this type, the model needs to infer the cor- 308

rect pronunciation and the corresponding intended 309

meaning substitute based on the given pun; (2) Ho- 310

mophonic puns involve words with identical pro- 311

nunciations but different spellings. It is similar to 312

heterographic puns, where the task is to identify the 313

intended alternative word. (3) Homographic puns 314

involve words with the same written form but dif- 315

ferent meanings. The model is required to generate 316

phrases that capture both meanings and compare 317

them with the gold standard, thereby assessing its 318

ability to understand polysemy. 319

Based on the characteristics of different pun cate- 320

gories, we adopt a differentiated classification strat- 321

egy. For homographic puns, which rely on lexical 322

polysemy without spelling differences, we classify 323
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them by checking the consistency of word spellings.324

For homophonic and heterographic puns, whose325

defining feature lies in the phonetic differences326

between the punning word and its substitute, we327

transcribe the target words into International Pho-328

netic Alphabet (IPA) symbols and determine their329

category based on whether their pronunciations330

match.331

To infer replacement words for heterographic332

and homophonic puns, we employed a similar pro-333

cess to Stage 2: given a pun, Claude-Opus is334

prompted to infer and generate suitable replace-335

ments. It is worth noting that for homographic336

puns, which involve polysemy, we provide Claude-337

Opus with targeted prompts to generate two distinct338

sets of phrases representing different meanings of339

the pun. All outputs are subsequently verified and340

manually corrected to mitigate potential model bias341

and produce the final gold-standard annotations.342

Human Annotation. During benchmark con-343

struction, we conduct multiple rounds of manual de-344

velopment and reviews. In the raw data collection345

phase, each audio clip is rigorously examined each346

audio clip for pun presence, pun words, categories,347

and replacement words to ensure the quality of the348

audio pun data. Audio samples with substandard349

quality are re-collected to ensure data reliability. In350

addition, when inferring double meanings for ho-351

mographic puns in the synthetic speech dataset, we352

manually review the generated polysemous outputs,353

revise inappropriate content, and correct errors to354

obtain gold-standard annotations. The manual error355

correction rate is approximately 6%, and all checks356

are performed by the authors. Furthermore, a final357

human verification process is conducted to ensure358

the overall reliability of the dataset. More details359

can be found at Appendix E.2360

4 Evaluation361

Baseline Models. We evaluate APUN-Bench on362

a range of 10 recent LALMs, widely cited in the363

literature and capable of jointly processing text364

and audio information, including Qwen2-Audio-365

Instruct (Chu et al., 2024), Audio-Reasoner (Xie366

et al., 2025), Audio Flamingo 3 (Goel et al., 2025),367

Qwen-2.5-omni (Jin Xu, 2025), MiniCPM (Yao368

et al., 2024), Gemini 2.0 Flash (Jaech et al., 2024),369

SALMONN (Tang et al., 2023), GPT4o-Audio370

(Hurst et al., 2024), Omni-R1 (Rouditchenko et al.,371

2025) and MERaLiON2 (MERaLiON Team, 2024;372

Huang et al., 2025). Furthermore, we also evaluate373

cascaded systems, including combinations of Sen- 374

seVoiceSmall (An et al., 2024) with GPT4o and 375

Gemini 2.0 Flash, as well as Whisper-Large (Rad- 376

ford et al., 2022) paired with GPT4o and Gemini 377

2.0 Flash. Each model is configured with a temper- 378

ature of 0 to ensure deterministic outputs. 379

Evaluation Strategy. We adopt appropriate eval- 380

uation metrics for different tasks. For pun recogni- 381

tion tasks, we use accuracy, precision, recall, and 382

F1 score as evaluation criteria, following the com- 383

mon practice in previous pun recognition research 384

(Gepalova et al., 2024; Xu et al., 2024). Inspired by 385

(Sung-Bin et al., 2024), we also report the propor- 386

tion of “pun” responses produced by each model to 387

examine potential biases in pun recognition. 388

For the pun word location stage, the coarse- 389

grained setting requires only identifying the ap- 390

proximate location of the pun within the speech. 391

Specifically, we first transcribe the target audio and 392

obtain the IPA representation of each word, then 393

compute the character-level edit distance between 394

these representations and the IPA of the pun word 395

predicted by the model. In addition, we incorpo- 396

rate phonetic characteristics by defining sets of 397

vowels and consonants, mapping phonemes into 398

feature vectors, and calculating their cosine similar- 399

ity. We then combine these two similarity measures 400

to select the word position with the highest overall 401

similarity as the prediction result, as shown in the 402

formula below: 403

Sedit(wi) = 1− dedit(ϕ(wi), ϕ(ŵ))

max(|ϕ(wi)|, |ϕ(ŵ)|)
, (1) 404

405
Scos(wi) = cos

(
v(ϕ(wi)), v(ϕ(ŵ))

)
, (2) 406

407
S(wi) = Sedit(wi) + Scos(wi), (3) 408

where ϕ(·) denotes the IPA representation of a 409

word, dedit is the Levenshtein distance, and v(·) 410

maps phonemes into feature vectors. For fine- 411

grained location, an exact match is required to iden- 412

tify puns within speech. We first perform lemmati- 413

zation on the words and then directly match them 414

with the pun words predicted by the model to obtain 415

the final evaluation outcome. 416

During the pun inference phase, results for het- 417

erographic and homophonic puns are evaluated by 418

exact matching between the model-predicted pun 419

words and the ground-truth annotations, as illus- 420

trated in the formula below: 421

Eval(p) =

{
1, ŵ = w∗,

0, otherwise,
(4) 422
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where ŵ is the model-predicted pun word and423

w∗ is the ground-truth alternative words. For homo-424

graphic puns, as described in Section 3.2, we first425

construct a gold standard capturing the dual mean-426

ings of each pun. The model’s predicted meanings427

are then compared with this gold standard using428

similarity matching, and the two pairs with the429

highest similarity are selected. The formula is il-430

lustrated as below:431

Eval(p) =

{
1, S(m̂j1 ,m

∗
i1
) > τ ∧ S(m̂j2 ,m

∗
i2
) > τ,

0, otherwise.
(5)432

where m∗
i are the gold-standard meanings of433

a homographic pun, m̂j are the model-predicted434

meanings, S(·, ·) denotes the similarity function,435

and τ is the threshold. Based on empirical experi-436

ments, pairs with similarity scores above 0.3 (τ =437

0.3) are retained and regarded as positive examples438

for this task.439

5 Results and Discussion440

Based on our proposed APUN-Bench, we conduct441

a systematic evaluation of LALMs in pun under-442

standing. We highlight several key findings from443

the experimental results, analyze the potential un-444

derlying causes of the observed phenomena and445

explore promising directions for improvement.446

5.1 Main Results447

We systematically evaluate baseline models across448

the three stages of APUN-Bench on both synthetic449

and real-world datasets, with the results summa-450

rized in Table 2. In the pun recognition stage, most451

baseline models perform above chance level (50%452

accuracy). However, with the exception of GPT4o-453

Audio, Gemini2.0-Flash, and MERaLiON2, their454

recall rates are generally low, suggesting that the455

models tend to be overly conservative in identify-456

ing puns and are prone to false negatives. In the457

pun location stage, models are able to identify the458

approximate positions of more than half of the puns459

in the coarse-grained location task. Nevertheless,460

their performance drops substantially in the fine-461

grained detection task when recovering the exact462

pun words, revealing LALMs’ limited ability to ac-463

curately transcribe specific pun words. In the pun464

inference stage, models achieve markedly better465

results on homophonic puns than on heterographic466

puns, consistent with findings that homophony con-467

stitutes only about 2–3% of the English lexicon468

(Marian et al., 2012), whereas a four-letter En- 469

glish word has on average about 10.33 phonologi- 470

cal neighbors. 471

Moreover, proprietary models consistently out- 472

performed open-source speech models in APUN- 473

Bench, especially in pun location and inference, un- 474

derscoring the gap between the two in deep seman- 475

tic understanding. We further conduct McNemar’s 476

test to examine whether the results are statistically 477

significant. For example, GPT4o-Audio achieves 478

a highly significant advantage over MiniCPM in 479

fine-grained pun location (p < 1× 10−10). Over- 480

all, although closed-source models exhibit certain 481

advantages across tasks, current auditory language 482

models still face significant challenges in detecting 483

and understanding puns, with overall performance 484

remaining unsatisfactory. 485

Furthermore, we report the performance of cas- 486

caded models on audio pun understanding. Overall, 487

cascaded systems underperform LALMs on pun 488

recognition, but outperform them on pun word loca- 489

tion and pun meaning inference. This demonstrates 490

that in word-level tasks, the powerful ASR model 491

can reduce transcription errors, allowing cascaded 492

systems to better locate and inference pun words. 493

In addition, GPT-4o achieves better performance 494

than other text-based model, highlighting the abil- 495

ity of strong downstream reasoning. The results of 496

word error rate can be found at Appendix C.5. 497

Figure 3: Statistical comparison of predicted in differ-
ent LALMs and ground-truth pun positions in APUN-
Bench, showing the distribution of pun words across
different sentence intervals (beginning, middle, end of
the sentence).

5.2 Analyzing the Position of Pun Words in 498

Sentences 499

According to the incongruity theory of humour, 500

punchlines typically appear at the end of a sentence 501
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Model Size Pun Recognition Pun Location Pun Inference

Acc. (↑) Pre (↑) Rec (↑) F1 (↑) Pun (%) Coa (↑) Fin (↑) Heg (↑) Hog (↑) Hop (↑)

Synthetic Dataset

Qwen2-Audio-Instruct 7B 45.78 71.70 39.45 50.90 38.06 50.81 31.77 13.47 17.91 26.97
SALMONN 13B 51.91 72.51 52.60 60.97 51.81 34.41 22.35 15.23 24.63 25.32
Audio-Reasoner 7B 55.27 72.62 59.81 65.59 54.47 50.39 32.31 23.05 27.25 37.50
Audio-Flamingo-3 7B 37.51 59.25 40.02 47.78 48.24 36.37 27.83 33.25 29.35 56.91
Qwen-2.5-omni 7B 64.04 78.71 68.07 73.00 61.76 60.98 48.01 40.55 32.38 60.19
MiniCPM 8.7B 62.31 78.00 65.77 71.37 27.92 59.94 44.62 39.54 37.36 67.43
Omni-R1 8.9B 65.28 77.39 72.58 74.91 66.97 63.49 49.43 44.20 39.73 63.48
MERaLiON2 10B 73.40 75.66 92.56 83.26 87.37 60.44 43.78 50.88 29.43 79.93
Gemini 2.0 Flash ✯ - 80.00 91.04 79.86 85.08 62.39 65.80 48.34 52.39 53.29 92.11
GPT4o-Audio ✯ - 78.04 78.48 95.92 86.33 83.87 75.97 56.63 59.06 57.81 85.19

SenseVoiceSmall+GPT4o - 79.44 84.52 87.16 85.82 73.57 75.04 56.05 67.50 67.79 98.02
SenseVoiceSmall+Gemini2.0-Flash - 78.65 84.12 86.64 85.36 73.47 74.08 55.46 55.16 60.10 78.28
Whisper-Large+GPT4o - 80.29 87.28 84.69 85.97 68.91 79.19 62.78 67.00 70.49 98.35
Whisper-Large+Gemini2.0-Flash - 77.47 84.37 84.58 84.47 71.46 77.56 60.86 55.54 62.94 89.80

Real-world Dataset

Qwen2-Audio-Instruct 7B 58.64 95.11 37.61 53.90 25.53 49.05 24.95 23.87 21.59 26.02
SALMONN 13B 44.86 57.07 60.41 58.69 68.56 28.82 14.11 18.38 23.15 16.43
Audio-Reasoner 7B 70.99 89.97 61.94 73.37 41.14 48.71 25.98 34.97 25.70 38.35
Audio-Flamingo-3 7B 63.65 97.39 45.09 61.64 29.99 45.07 31.78 37.66 25.96 50.68
Qwen-2.5-omni 7B 71.68 99.09 56.79 72.21 37.12 59.21 42.85 50.00 35.78 57.53
MiniCPM 8.7B 74.35 98.08 61.62 75.68 40.80 54.73 38.03 43.69 34.86 54.79
Omni-R1 8.9B 83.50 97.37 76.59 85.74 50.95 58.86 41.31 44.59 35.00 57.53
MERaLiON2 10B 88.18 87.05 96.04 91.32 71.46 54.56 35.45 49.54 32.28 62.50
Gemini 2.0 Flash ✯ - 87.51 84.82 98.51 91.15 60.98 67.52 51.03 62.78 47.36 82.85
GPT4o-Audio ✯ - 85.36 87.02 92.56 89.71 66.89 66.95 50.08 60.98 50.70 76.71

SenseVoiceSmall+GPT4o - 84.94 96.45 79.69 87.27 53.51 67.29 43.78 71.74 67.36 87.67
SenseVoiceSmall+Gemini2.0-Flash - 83.61 92.56 81.41 86.63 56.97 67.12 44.06 50.06 49.47 86.30
Whisper-Large+GPT4o - 85.20 98.26 78.47 87.25 51.28 76.41 55.76 72.19 67.01 84.93
Whisper-Large+Gemini2.0-Flash - 83.08 95.34 77.89 85.74 52.73 69.53 49.74 52.46 52.98 82.19

Table 2: Evaluation Results of the Synthetic and Real-World Datasets on APUN-Bench in various LALMs and
cascaded systems. ✯ represents the proprietary LALMs and the symbol ’–’ indicates that the model size is not
publicly disclosed. Coa and Fin repesent the accuracy of coarse-grained and fine-grained locations. Hog, hop and
heg denote the accuracy of homographic puns, homophonic puns and heterographic puns.

(Shahaf et al., 2015). Building on this, we analyze502

the positional preferences of different models in503

identifying puns and compared them with manual504

annotation results, as shown in Figure 3. Sentence505

Interval refers to the normalized sentence position;506

for example, 0–0.2 denotes the first 20% of the507

whole sentence. The annotation data indicate that508

the vast majority of puns occur within the last 40%509

of a sentence, with fewer than 10% located in the510

first 60%, further supporting the incongruity theory.511

In contrast, most model predictions exhibit a more512

uniform distribution: although the last 20% still513

contains the highest proportion of predicted puns,514

more than 20% appear in the first 60%. These515

findings suggest that guiding models to focus more516

on the latter half of a sentence may improve their517

performance in pun location.518

To examine this hypothesis, we conduct a simple519

experiment. When designing prompts for pun loca-520

tion, we introduce the information that strengthens521

the model’s attention to the latter half of the sen-522

tence. The following shows an improved segment 523

of the prompt: 524

Improved Segment of Prompt

[...] Identify the pun word in the audio, pay-
ing particular attention to the latter half of
the sentence. [...]

525

We conduct evaluations on Qwen-2.5-omni-7B 526

and MiniCPM, achieving 63.49% and 62.32% 527

accuracy in coarse-grained pun location, respec- 528

tively, surpassing the baseline models by 2.51% 529

and 2.38% percentage points, as shown in Table 530

2. For fine-grained location, the models achieve 531

49.56% and 46.42% accuracy, outperforming the 532

baselines by 1.55% and 1.80% percentage points, 533

respectively. While the overall improvements are 534

limited, the results indicate that emphasizing the 535

latter part of a sentence may contribute to better 536

pun localization and provide initial insights for fu- 537

ture research. 538
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Figure 4: The distribution of error types in pun inference for Omni-R1 and GPT4o-Audio across heterographic,
homographic, and homophonic puns.

5.3 Audio Pun Inference: Where do LALMs539

Fall Short?540

Figure 4 presents the distribution of error types for541

Omni-R1 and GPT4o-Audio across 450 instances,542

with 150 examples for each pun category. Detailed543

definitions of error types are provided in Table 3.544

For heterographic and homophonic puns, the domi-545

nant error type in both models is Word Inference Er-546

ror (including Similar and No Similar), accounting547

for more than one-third of the errors. Similarly, for548

homographic puns, the primary error type shifts to549

Reasoning Disorder, which constitutes over three-550

quarters of the errors, while Meaning Mismatch551

accounts for only about 10%. This indicates that552

although the models are generally capable of per-553

ceiving speech and identifying one layer of pun554

meaning, they encounter substantial difficulties in555

uncovering and restoring the secondary meaning.556

Moreover, for heterographic and homophonic puns,557

GPT4o-Audio exhibits a markedly lower propor-558

tion of Pun Word Repeat errors compared to Omni-559

R1, suggesting that larger-scale models are less560

prone to rigidly reproducing the pun word itself561

as output. Finally, Irrelevant Answer represents562

the smallest proportion of errors across all cate-563

gories and both models, implying that most mod-564

els are able to understand the task requirements565

and attempt to provide answers related to pun rea-566

soning rather than completely unrelated outputs.567

Overall, our error analysis suggests that enhanc-568

ing speech comprehension is crucial for improv-569

ing performance. Building on prior research, this 570

can be achieved through the targeted design of 571

audio chain-of-thought (Ma et al., 2025) reason- 572

ing mechanisms and by expanding training data to 573

strengthen speech–text modal alignment (Liu et al., 574

2024). 575

6 Conclusion 576

In this paper, we introduce APUN-Bench, an au- 577

dio pun evaluation benchmark designed to compre- 578

hensively evaluate pun understanding in LALMs. 579

We provide the first audio pun dataset, automate 580

evaluation metrics and conduct extensive experi- 581

ments on 10 open-source and proprietary LALMs, 582

as well as 4 cascaded systems. Furthermore, by 583

covering three stages: pun recognition, pun word 584

location, and pun meaning inference, our bench- 585

mark systematically evaluates the model’s capa- 586

bilities across multiple dimensions of audio pun 587

understanding. The experiment results show that 588

while some models achieve promising performance 589

on basic recognition tasks, they continue to face 590

substantial challenges in pun word fine-grained lo- 591

cation and inference, particularly for heterographic 592

and homophonic puns. Through detailed analyses 593

of positional biases and error types, we highlight 594

the unique obstacles that audio puns pose and point 595

to future directions for advancing more robust and 596

human-like audio language understanding. 597
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Limitations598

While this research offers new perspectives and599

insights into the understanding of audio puns, sev-600

eral limitations remain: (1) The scope of pun types601

extends beyond the three categories examined in602

this study, with more complex forms such as re-603

cursive and compound puns remaining outside its604

consideration. (2) Puns often arise in more complex605

speech environments, such as multi-turn dialogues,606

whereas our dataset is restricted to single-sentence607

instances. (3) The size of the real-world corpus still608

remains limited, which constrains the statistical ro-609

bustness of our findings. However, despite these610

limitations, this paper represents the first system-611

atic study of verbal puns, and its data and analyses612

offer valuable references for subsequent research613

on the intersection of language and speech under-614

standing.615

Ethical Considerations616

The Institutional Review Board (IRB) of our insti-617

tution has approved the human studies presented618

in this paper. In addition, we have obtained per-619

mission to use data collection from the public pun620

website O. Henry Museum Pun-Off.621
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A Baseline Models 863

Qwen2-Audio-Instruct. Chu et al. (2024) present 864

Qwen2-Audio, a large audio–language model that 865

integrates an audio encoder with the Qwen LLM to 866

process spoken queries, dialogues, and instruction- 867

following tasks. The instruct variant evaluated here 868

follows the official release, focusing on robust au- 869

dio understanding across speech and environmental 870

sound domains. 871

SALMONN. Tang et al. (2023) introduce 872

SALMONN, which equips LLMs with general 873

“hearing” abilities. It combines speech, audio event, 874

and music encoders with a frozen LLM backbone, 875

supporting tasks ranging from ASR and speech 876

translation to audio captioning. SALMONN has 877

been widely adopted as an open-source baseline 878

for broad auditory competence. 879

Audio-Reasoner. Xie et al. (2025) propose Audio- 880

Reasoner, a reasoning-enhanced model trained with 881

structured chain-of-thought supervision and a large 882

corpus of annotated audio–text pairs (CoTA). It is 883

designed to strengthen multi-step deduction and 884

temporal reasoning, offering explicit reasoning 885

traces alongside competitive performance. 886

Qwen-2.5-Omni. Jin Xu (2025) extend the Qwen 887

family with an omni-modal series capable of pro- 888

cessing text, audio, and vision within a unified 889

interface. The 3B and 7B variants are optimised 890

for instruction following, open-domain spoken QA, 891

and multimodal reasoning, providing strong base- 892

lines at different parameter scales. 893

MiniCPM. Yao et al. (2024) present MiniCPM- 894

V, a lightweight multimodal model optimised for 895

efficient deployment on mobile devices. Despite 896

its compact scale, MiniCPM demonstrates perfor- 897

mance comparable to GPT-4V on several mul- 898

timodal tasks. Its audio-capable versions sup- 899

port real-time speech understanding for instruction- 900

following scenarios. 901

Audio Flamingo 3. Goel et al. (2025) introduce 902

Audio Flamingo 3 (AF3), a fully open state-of-the- 903

art LALMs capable of multi-turn, multi-audio dia- 904

logue and long-context audio processing, enabling 905

stronger cross-domain capabilities over speech, 906

sound, and music. 907

Omni-R1. Rouditchenko et al. (2025) explore 908

whether direct audio fine-tuning is necessary for 909

competitive performance. Omni-R1 leverages 910

large-scale instruction tuning on text paired with 911

synthetic audio, achieving strong spoken under- 912

standing and reasoning without explicit raw-audio 913
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fine-tuning.914

MERaLiON-AudioLLM. Li et al. (2024) intro-915

duce MERaLiON-AudioLLM, a multilingual and916

multimodal large audio–language model. The917

family emphasises robustness to multilingual in-918

puts, accents, and code-switching. In our evalua-919

tion, we reference the 10B variant (MERaLiON2),920

which extends this line with improved large-scale921

instruction-following capabilities.922

GPT-4o-Audio. Hurst et al. (2024) document the923

GPT-4o family; we evaluate the audio-enabled ver-924

sion that accepts spoken input for transcription,925

dialogue, and multimodal reasoning. As a closed-926

source model, GPT-4o-Audio sets a strong com-927

mercial baseline for real-time, latency-sensitive ap-928

plications.929

Gemini 2.0 Flash. The Gemini Flash models are930

proprietary systems released by Google DeepMind931

as part of the Gemini family Jaech et al. (2024).932

They are optimised for low-latency instruction fol-933

lowing with speech input. We include Gemini 2.0934

as a strong closed-source baseline to contextualise935

open-source performance.936

B Synthesis Process937

We use Parler-TTS for speech synthesis. This open-938

source, lightweight text-to-speech system is capa-939

ble of generating high-quality, natural-sounding940

speech conditioned on various speaker character-941

istics, such as gender, pitch, and speaking style942

(Lacombe et al., 2024). To ensure diversity, we943

utilize the 34 default speaker embeddings and ran-944

domly assign one to each generated utterance, as945

shown in Table 4. Finally, a manual filtering step is946

conducted to screen the missing words or unclear947

pronunciations to improve the overall quality of the948

speech data.949

C Supplementary Analysis950

C.1 Error Types951

We summarize the error types of LALMs in the952

audio pun inference stage, as presented in Table 3.953

Position Error (PE). The model fails to provide954

the correct word corresponding to the given pun955

word and may instead return a word from another956

position in the sentence.957

Pun Word Repeat (PWR). The model outputs958

the given pun word itself rather than its intended959

meaning.960

Word Inference Error with Similar (WIE).961

The model infer an incorrect word, often mani-962

fested as an other word with a similar pronuncia- 963

tion. 964

Word Inference Error with No Similar (WIE). 965

The model infer an incorrect word, often mani- 966

fested as another word with a completely different 967

pronunciation. 968

Irrelevant Answer (IA). The model can only 969

infer a single layer of meaning, where one pair of 970

matches shows high similarity while the other pair 971

fails to align. 972

Reasoning Disorder (RD). The model generates 973

double meaning words or phrases that deviate from 974

the intended meanings defined in the gold standard. 975

Meaning Mismatch (MM). The model’s answer 976

is irrelevant style of inference meaning or incorrect 977

styles for the pun word. 978

C.2 Are LALMs Biased Toward Certain 979

Types of Pun Word Location? 980

In the pun location stage, different models show 981

notable performance gaps between coarse and fine- 982

grained locations, with differences of around 20% 983

being common across models. While this indi- 984

cates that the models are generally consistent in 985

transcribing and recognizing audio puns, we fur- 986

ther explore their recognition capabilities across 987

specific pun categories. Table 5 presents the per- 988

formance of various models on three categories of 989

puns, evaluated through both coarse-grained and 990

fine-grained tasks in synthetic dataset. The results 991

reveal that most models perform significantly better 992

on homographic puns, excelling in both location 993

detection and exact matching. For heterographic 994

and homophonic puns, although their accuracy in 995

coarse location is comparable, the accuracy of fine- 996

grained location for homophonic puns is substan- 997

tially lower. This finding highlights that existing 998

models still encounter considerable difficulties in 999

accurately reproducing fully homophonic puns. 1000

C.3 Part-of-Speech Distributions 1001

Additionally, we analyze the part-of-speech dis- 1002

tributions of pun words in both the synthetic and 1003

real-world subsets using SpaCy, identifying the top 1004

five most frequent categories as shown in Table 6. 1005

The findings indicate that nouns and verbs are more 1006

likely to serve as pun-bearing words, implying that 1007

certain lexical categories are inherently more pro- 1008

ductive in pun construction. This observation pro- 1009

vides insight into the lexical bias underpinning pun 1010

formation. 1011
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Error Type Definition Example (Audio Transcription) Prediction Ground
Truth

Heterographic Puns & Homophonic Puns

Position Error (PE) The model fails to provide the
correct word corresponding to
the given pun word and may in-
stead return a word from another
position in the sentence.

When asked to picture the per-
fect modern defensive weapon
the Claymore springs to mine.

Claymore mind

Pun Word Repeat
(PWR)

The model outputs the given pun
word itself rather than its in-
tended meaning.

Did you hear about the ner-
vous preacher ? He had sweaty
psalms.

psalms palm

Word Inference Er-
ror (WIE) (Similar)

The model infer an incorrect
word, often manifested as an-
other word with a similar pronun-
ciation.

One ear of corn said to the
other’You’re getting husky’.

hoarse husk

Word Inference Er-
ror (WIE) (No Sim-
ilar)

The model infer an incorrect
word, often manifested as an-
other word with a completely dif-
ferent pronunciation.

George Westinghouse was a re-
frigerator magnate.

entrepreneur magnet

Irrelevant Answer
(IA)

The model’s answer is unrelated
to the pun inference for the pun
word.

She was only a Butcher’s daugh-
ter, but there wasn’t much more
she could loin.

line human
given an au-
dio ...

learn

Homographic Puns

Reasoning Disorder
(RD)

The model can only infer a single
layer of meaning, where one pair
of matches shows high similarity
while the other pair fails to align.

How could I trust the ceiling fan
installer when I knew he was al-
ways screwing up.

making mis-
takes AND
causing trou-
ble

making mis-
takes AND
installing
screws

Meaning Mismatch
(MM)

The model generates double-
meaning words or phrases that
deviate from the intended mean-
ings defined in the gold standard.

Can honeybee abuse lead to a
sting operation?

steamboat
AND
steamship

undercover
police ac-
tivity AND
painful in-
sect bite

Irrelevant Answer
(IA)

The model’s answer is irrelevant
style of inference meaning or in-
correct styles for the pun word.

Then there was the occasion I
spotted a health - oriented cafe
displaying a sign reading’ Cal-
ifornia Shakes.’ Obviously, I
thought.

The two
meanings of
’shake’ in
this context

earthquake
AND milk-
shake

Table 3: Error types of pun inference in heterographic, homophonic and homographic puns

Laura Gary Jon Lea
Karen Rick Brenda David
Eileen Jordan Mike Yann
Joy James Eric Lauren
Rose Will Jason Aaron
Naomie Alisa Patrick Jerry
Tina Jenna Bill Tom
Carol Barbara Rebecca Anna
Bruce Emily

Table 4: List of the 34 speakers used in Parler-TTS.

C.4 Pun Transcript vs Full Audio?1012

To clearly evaluate the respective contributions of1013

audio signals and textual content in audio pun un-1014

derstanding, we conduct a controlled comparison1015

between text-only and audio-only inputs on real- 1016

world datasets, with results reported in Table 9. For 1017

both the pun recognition and pun word location 1018

tasks, text-based models consistently outperform 1019

speech-based models, which can be attribute to the 1020

limited robustness of current ASR systems when 1021

transcribing speech puns. 1022

In contrast, for the pun meaning inference task, 1023

open-source text-only models exhibit inferior rea- 1024

soning performance compared to their audio-based 1025

counterparts. This finding suggests that, under the 1026

assumption of perfect or near-perfect textual in- 1027

put, performance gains observed in recognition- 1028

oriented tasks may primarily reflect robustness to 1029
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Model Heterographic Homophonic Homographic

Coa (↑) Fin (↑) Coa (↑) Fin (↑) Coa (↑) Fin (↑)

SALMONN 32.37 17.12 35.86 8.55 35.32 28.81
Qwen2-Audio-Instruct 52.14 29.47 44.41 13.81 51.51 37.41
Audio-Reasoner 50.50 29.34 39.47 11.18 52.90 39.11
Qwen-2.5-omni 53.53 36.39 56.91 21.38 66.54 61.42
MiniCPM 56.30 34.13 62.50 20.06 61.58 56.85
Omni-R1 58.06 38.16 60.53 21.71 67.54 62.89
MERaLiON2 55.16 31.36 62.50 17.10 63.21 57.70
Gemini 2.0 Flash ✯ 60.96 36.90 70.72 35.19 67.62 58.48
GPT4o-Audio ✯ 74.06 44.20 76.64 42.43 76.99 67.62

Table 5: Evaluation results of the Synthetic Dataset
on APUN-Bench. We evaluate various LALMs on our
proposed APUN-Bench. ✯ represents the proprietary
LALMs.

Model NOUN ADV VERB ADJ PROPN

Synthetic Dataset 954 312 246 202 146
Real-world Dataset 208 36 131 81 93

Table 6: The part-of-speech distributions between Syn-
thetic and Real-world Datasets.

transcription quality. However, for inference tasks1030

that require resolving ambiguities intrinsic to spo-1031

ken puns, acoustic information provides comple-1032

mentary evidence that benefits end-to-end speech1033

models, particularly those with limited model ca-1034

pacity.1035

C.5 Word Error Rate1036

We report the word error rate (WER) of the Sen-1037

seVoiceSmall and Whisper-Large ASR models on1038

both synthetic and real data to quantify their tran-1039

scription errors on audio puns. The results are1040

shown in Table 7. Overall, the WER on real-world1041

data is higher than that on synthetic data, indicating1042

that more complex environmental noise, speaker1043

variability, and natural pronunciation variations in1044

real speech interfere with the accuracy of audio1045

transcription. Further analysis from the perspective1046

of pun type reveals that, under both data settings,1047

the WER for homographic puns is consistently1048

lower than that for heterographic and homophonic1049

puns. Compared to phonetic ambiguity caused by1050

near-homophones, the result indicates that ASR1051

models are more robust in handling words that in-1052

volve only semantic ambiguity without introduc-1053

ing substantial phoneme confusion; in contrast, for1054

puns with pronounced audio-level ambiguity (such1055

as heterographic and homophonic puns), existing1056

transcription models still have considerable room1057

for improvement.1058

ASR Model Synthetic Real-world
Heg (↓) Hog (↓) Hop (↓) Heg (↓) Hog (↓) Hop (↓)

SenseVoiceSmall 0.144 0.126 0.151 0.177 0.134 0.269
Whisper-Large 0.111 0.097 0.123 0.154 0.093 0.221

Table 7: Word Error Rate (WER) of SenseVoiceSmall
and Whisper-Large on synthetic and real-world datasets.

Model Architecture ASR (s) Reasoning (s) Total (s)

MiniCPM End-to-End - 0.61 0.61
Qwen-2.5-omni End-to-End - 0.91 0.91

SenseVoiceSmall+MiniCPM Cascaded 0.42 0.54 0.74
Whisper-Large+MiniCPM Cascaded 1.31 0.54 1.85
SenseVoiceSmall+Qwen-2.5-Instruct Cascaded 0.42 0.34 0.76
Whisper-Large+Qwen-2.5-Instruct Cascaded 1.31 0.34 1.65

Table 8: Time consumption analysis in real-world
dataset between open-source LALMs and cascaded sys-
tems.

C.6 Time Consumption Analysis 1059

We statistically analyze the time consumption of 1060

cascaded systems and end-to-end speech models 1061

in audio pun dataset, as shown in Table 8. To pre- 1062

vent the influence of additional factors such as net- 1063

work latency, we only conduct experiments on lo- 1064

cal open-source LALMs and cascaded systems on 1065

real-world datasets. The experimental setup used 1066

an A100-SXM4-80GB, and we select MiniCPM 1067

and Qwen-2.5-omni as LALMs, along with a com- 1068

bination of four cascaded systems. Experimental 1069

results show that compared to end-to-end speech 1070

models, cascaded systems require longer inference 1071

time when processing puns. This is mainly due to 1072

the fact that cascaded systems need to sequentially 1073

execute the speech transcription and text processing 1074

stages, introducing additional computational over- 1075

head. In contrast, LALMs reduce the overall infer- 1076

ence latency by modeling the speech-to-semantic 1077

mapping end-to-end. This result demonstrates that 1078

using LALMs for speech pun understanding has a 1079

clear efficiency advantage. 1080

D Annotation Prompts 1081

We use the following prompt to instruct Claude- 1082

Opus (Claude-Opus-4-1) to identify and locate 1083

puns in transcribed speech. The prompt includes a 1084

clear task description, output specification, and a 1085

few manually annotated examples with corrective 1086

feedback to improve the accuracy of the auxiliary 1087

annotation. Some details are shown as Figure 3. 1088
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Model Size Pun Recognition Pun Location Pun Inference

Acc. (↑) Pre (↑) Rec (↑) F1 (↑) Pun(%) Heg (↑) Hog (↑) Hop (↑)

Audio

MiniCPM 8.7B 74.35 98.08 61.62 75.68 40.80 38.03 43.69 34.86 54.79
Qwen-2.5-omni 7B 71.68 99.09 56.79 72.21 37.12 42.85 50.00 35.78 57.53
Gemini 2.0 Flash ✯ - 87.51 84.82 98.51 91.15 60.98 51.03 62.78 47.36 82.85
GPT4o-Audio ✯ - 85.36 87.02 92.56 89.71 66.89 50.08 60.98 50.70 76.71

Text

MiniCPM 8.7B 65.44 100 46.64 63.61 30.21 78.14 34.08 34.38 45.20
Qwen-2.5-Instruct 7B 83.61 99.09 75.38 85.63 49.28 76.93 39.01 39.73 43.83
Gemini 2.0 Flash ✯ - 91.60 98.46 88.46 93.20 58.19 85.22 72.19 60.00 93.15
GPT4o ✯ - 95.08 100 92.42 96.06 59.87 93.03 74.88 69.47 93.15

Table 9: Comparison between text-only and audio models in real-world dataset. ✯ represents the proprietary
LALMs and the symbol ’–’ indicates that the model size is not publicly disclosed.

E Human Involvement1089

E.1 Annotation1090

For real-world data recordings, we recruit 101091

adult anonymous participants with strong English-1092

speaking backgrounds, all of whom hold a college1093

education and represent diverse majors from differ-1094

ent countries. To ensure diversity in speech, each1095

participant records approximately 30–60 pun sen-1096

tences, and we provide a compensation of $0.3 per1097

sentence recording.1098

E.2 Human Verification1099

Human verification is carried out by two experts,1100

each with a master’s or doctoral degree and strong1101

English proficiency. The review process is divided1102

into two parts, including both synthetic dataset and1103

real-world dataset:1104

Audio Quality: Experts examine the audio files1105

to identify any missing or under-recorded segments1106

and to ensure that the recordings are clear and in-1107

telligible. Each audio clip averages no more than1108

8 seconds in length. To preserve the authenticity1109

of natural speech, accent variation is not restricted.1110

For quality assessment, we randomly sample 3001111

audio files from the dataset. Approximately 1.5%1112

of the samples require re-recording due to defects,1113

yielding a low overall defect rate and confirming1114

the high quality of the audio data.1115

Annotation Verification: After the initial anno-1116

tation stage, we conduct a systematic quality check.1117

Experts confirm the presence of puns, specify al-1118

ternatives for heterographic and homophonic puns,1119

and validate the accuracy of dual meanings in ho-1120

mographic puns. A random sample of 300 data1121

points is selected for cross-validation. On average,1122

reviewers spend 45–60 seconds evaluating each1123

speech sample. Each entry is independently veri- 1124

fied by each experts, and inter-annotator agreement 1125

is measured using Cohen’s K, which reaches 0.92, 1126

indicating substantial consistency across annota- 1127

tors. 1128

E.3 Human Evaluation 1129

We randomly sample 60 data points for manual 1130

evaluation from each stage to compare the perfor- 1131

mance of current mainstream LALMs with that of 1132

human participants. Task-specific questionnaires 1133

are designed and distributed to three anonymous 1134

volunteers via the scientific research platform Pro- 1135

lific 3, targeting primarily native English speakers 1136

from the UK and the USA. Each participant re- 1137

ceives a reward of $5.4 per completed question- 1138

naire. Table 10 presents the evaluation results, in- 1139

dicating that while some state-of-the-art LALMs 1140

achieve performance comparable to human evalua- 1141

tors in certain pun understanding tasks, they still lag 1142

significantly behind humans in others, such as pun 1143

inference. In addition, we observe that human eval- 1144

uators exhibit a conservative bias when identifying 1145

puns, tending to classify utterances as non-puns. 1146

However, it is worth noting that pun understand- 1147

ing relies on rich linguistic and world knowledge, 1148

representing a high-level language comprehension 1149

task. Therefore, this task calls for larger-scale and 1150

more diverse human evaluations, which we plan to 1151

pursue in future work. 1152

3https://www.prolific.com/
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/* Definition */
You are an expert linguist with specialized knowledge of pun research. Your role is to annotate
transcribed spoken sentences by identifying the pun word. A pun word is a word or phrase
that exploits multiple meanings, sound similarities, or semantic ambiguities to create humor or
wordplay.

/* Instruction */
For each given sentence, identify the pun word. If there is no pun word, output "None". Only
output the pun word (or the minimal pun phrase), without explanations or additional text. Be
consistent with the format shown in the examples.

/* Examples */
Pun Sentence: Dentists don’t like a hard day at the orifice.
Output: orifice
Pun Sentence: A discussion of digging a new mine shaft was too deep for him.
Output: deep
...

/* Test Data */
Pun Sentence: He didn’t tell his mother that he ate some glue. His lips were sealed.
Output:

Figure 5: Prompts used to guide Claude-Opus-4-1 in pun location for auxiliary annotation.

/* Definition */
You are an expert linguist with specialized knowledge of pun research. Your role is to annotate
transcribed spoken sentences by inferring the alternative word that the pun word replaces or plays
upon. A pun word is a word or phrase that exploits multiple meanings, sound similarities, or
semantic ambiguities to create humor or wordplay.

/* Instruction */
For each given pun sentence, infer the intended alternative word. Only output the alternative word
(or minimal phrase) without explanations or additional text. Ensure consistency with the format
shown in the examples.

/* Examples */
Pun Sentence: Dentists don’t like a hard day at the orifice.
Pun word: orifice
Output: office
...

/* Test Data */
Pun Sentence: Geologists can be sedimental about their work.
Output: sedimental
Output:

Figure 6: Prompts used to guide Claude-Opus-4-1 in pun inference for auxiliary annotation (for heterographic and
homophonic puns).
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Model Pun Recognition Pun Location Pun Inference

Acc. (↑) Pun (%) Coa (↑) Fin (↑) Heg (↑) Hog (↑) Hop (↑)

SALMONN 63.33 50.00 43.33 23.33 18.33 28.33 18.33
Qwen2-Audio-Instruct 51.66 43.33 58.33 33.33 30.00 23.63 28.33
Audio-Reasoner 58.33 50.00 63.33 40.00 31.67 34.61 35.42
Qwen-2.5-omni 78.33 58.33 60.00 36.67 43.33 31.66 65.00
MiniCPM 53.33 33.33 53.33 30.00 46.67 44.06 58.33
Omni-R1 75.00 65.00 56.67 33.33 45.00 44.82 63.89
MERaLiON2 73.33 86.67 56.67 26.67 51.67 36.66 65.00
Gemini 2.0 Flash ✯ 81.67 63.33 70.00 41.66 51.67 53.33 81.67
GPT4o-Audio ✯ 73.33 86.67 73.33 46.67 53.33 52.54 78.33
Human 76.67 41.67 76.67 60.00 78.33 73.33 90.00

Table 10: Comparison with Human Evaluation and LALMs. ✯ represents the proprietary LALMs.

/* Definition */
You are an expert linguist with specialized knowledge of pun research. Your role is to annotate
transcribed spoken sentences by inferring the two distinct meanings of a homographic pun word.
A pun word is a word or phrase that exploits multiple meanings, sound similarities, or semantic
ambiguities.

/* Instruction */
For each given pun sentence, identify the pun word and infer its two distinct meanings. Output
exactly two replacement words or phrases, each representing one meaning of the pun word.
Provide only the two items, separated by a comma, with no additional text. Ensure consistency
with the format shown in the examples.

/* Examples */
Pun Sentence: A discussion of digging a new mine shaft was too deep for him
Pun Word: deep
Output: profound, physically deep
...

/* Test Data */
Pun Sentence: If at first you don’t succeed then skydiving is not for you.
Pun Word: succeed
Output:

Figure 7: Prompts used to guide Claude-Opus-4-1 in pun inference for auxiliary annotation (for homographic puns).
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