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Abstract001

Humor is a salient testbed for human-like002
creative thinking in large language models003
(LLMs). We study humor using the Japanese004
creative response game Oogiri, in which par-005
ticipants produce witty responses to a given006
prompt, and ask the following research ques-007
tion: What makes such responses funny to hu-008
mans? Existing datasets provide only lim-009
ited signals for funniness. Thus, we intro-010
duce OOGIRI-MASTER and OOGIRI-CORPUS,011
a benchmark and dataset for Japanese Oogiri,012
where each prompt is paired with approxi-013
mately 100 candidate responses and funniness014
is measured by user votes. Using OOGIRI-015
CORPUS, we analyze linguistic features asso-016
ciated with funniness (e.g., length, ambiguity,017
and incongruity resolution). Finally, we bench-018
mark a range of LLMs and a human baseline019
in OOGIRI-MASTER, showing that state-of-020
the-art models approach the human baseline021
in accuracy on humor-judgment tasks and that022
insight-augmented prompting improves accu-023
racy.024

1 Introduction025

Endowing large language models (LLMs) with026

human-like creative thinking capabilities is a major027

challenge that extends beyond problem-solving028

abilities. Humor understanding is one of such029

key capabilities. Understanding and generating030

humor as humans require more than pattern031

matching; they necessitate creative reasoning032

that incorporates context and cultural nuances to033

produce witty and unexpected responses (Loakman034

et al., 2025). This study addresses humor as an035

instance of creative thinking in LLMs by focusing036

on the specific case of Oogiri (大喜利). Oogiri is037

a Japanese creative response game that involves038

improvising humorous responses to a given prompt,039

as shown in Figure 1, making it an ideal testbed for040

creativity and wit. This raises the central question:041

Prompt: Worst commit message ever.

Response: “It works on my machine.”

Figure 1: Oogiri prompt–response example.

What exactly makes Oogiri responses funny to hu- 042

mans? The starting point of our study is to answer 043

this question. Few studies have aimed to capture 044

the human perception of funniness using objective 045

metrics and to analyze its components quantita- 046

tively. This absence poses a significant barrier to 047

the evaluation of humor understanding in LLMs. 048

We address two key challenges in evaluating 049

the humor understanding of LLMs. First, the con- 050

stituent elements of a funny response remain insuf- 051

ficiently understood. Humor is a subjective con- 052

struct arising from a complex interplay of factors 053

such as the violation of expectations and resonance. 054

However, an objective, quantitative metric does not 055

exist for measuring funniness itself. Consequently, 056

we lack a principled basis for explaining why an 057

Oogiri-style response is funny, which hinders the 058

systematic improvement of LLM humor under- 059

standing. The second challenge is the low reliabil- 060

ity of existing datasets for such analysis. For exam- 061

ple, the Oogiri-GO dataset (Zhong et al., 2024) was 062

collected from Bokete,1 a caption-contest platform 063

on which users upvote funny responses to prompts. 064

Although this social-voting signal is useful at this 065

scale, it introduces two methodological limitations. 066

First, the fairness of the evaluation process is not 067

guaranteed: making the popularity of each re- 068

sponse visible to other raters may introduce popu- 069

larity bias and compromise objectivity. Second, the 070

dataset exhibits structural bias. With only approx- 071

imately eight candidate responses per prompt, on 072

average, raters are likely to select a relatively better 073

option rather than an intrinsically humorous one. 074

Therefore, in this study, we propose OOGIRI- 075

1https://bokete.jp/
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MASTER, a benchmark that evaluates the humor076

understanding of LLMs using the Oogiri task.077

Specifically, we address the two challenges078

outlined above by constructing a novel dataset and079

conducting a quantitative analysis of the funniness080

components, with which we assess the current081

capabilities and pave the way for improvements.082

First, we construct OOGIRI-CORPUS, a dataset that083

ensures reliability and objectivity.2 On average,084

each prompt is paired with approximately 100085

diverse candidate responses, and funniness is mea-086

sured via user votes on a platform that hides vote087

counts during voting. This design mitigates the088

issues of fairness and data bias observed in existing089

datasets. Second, using this dataset, we quantita-090

tively analyze the linguistic features that constitute091

funniness. We identify common lexical and struc-092

tural patterns in high-rated responses, transforming093

the ambiguous notion of funniness into measurable,094

objective metrics. This enables explanations of095

why a response is funny based on data-driven096

evidence, rather than subjective intuition. Finally,097

we present the multifaceted benchmark results on098

OOGIRI-MASTER. We benchmark humans and099

various LLMs to clarify the current state of the art100

in the humor understanding of LLMs.101

The contributions of this study can be summa-102

rized as follows:3 First, we constructed and release103

a large-scale reliable dataset, OOGIRI-CORPUS,104

which serves as a novel foundation for evaluating105

humor understanding in LLMs. Second, through106

quantitative analysis of this dataset, we identified107

the constituent components of funniness, demon-108

strating that features such as response length, per-109

spective shift, and ambiguity are strongly corre-110

lated with high-rated responses. Third, we pro-111

pose a novel benchmark, OOGIRI-MASTER, and112

experimentally demonstrated that (1) state-of-the-113

art LLMs such as GPT-5 show performance ap-114

proaching human performance; (2) our analytical115

insights into the constituent components of humor116

can contribute to performance improvements in hu-117

mor judgment; (3) instructing LLMs to leverage118

these insights only when uncertain improves their119

performance; and simultaneously, (4) continued120

pretraining on the target-language corpus enhances121

performance on Oogiri humor-judgment tasks.122

2We distinguish the dataset, OOGIRI-CORPUS, which un-
derpins our analyses, from the benchmark, OOGIRI-MASTER,
which builds on it to evaluate LLMs.

3The dataset and the benchmark will be provided under
the CC BY-NC-SA 4.0 license upon acceptance.

2 Related Work 123

Background on Computational Humor Com- 124

putational humor is a relatively new area, and 125

humor understanding/generation remains a 126

challenging problem in natural language pro- 127

cessing (Loakman et al., 2025). One obstacle is 128

defining “humor” appropriately. Consequently, 129

many studies have narrowed the scope to specific 130

forms (e.g., puns, Oogiri, satire) to make the 131

problem tractable (Amin and Burghardt, 2020). 132

Among these, pun generation has a particularly 133

long history and is a central task (Ritchie, 2005; 134

Yu et al., 2018; Luo et al., 2019) 135

Oogiri as a Testbed for Humor Understanding 136

We target Oogiri as our testbed for humor under- 137

standing. Oogiri is a creative response game in 138

which one provides a witty response to a prompt. 139

Although the most common setup is a text-to-text 140

format in which a textual prompt is paired with a 141

textual response, modal variants exist (e.g., image- 142

to-text one-liners; image&text-to-text fill-in-the- 143

blank) (Zhong et al., 2024). These formats resem- 144

ble memes (Sharma et al., 2023; Nguyen and Ng, 145

2024); we regard memes as a multimodal variant 146

of Oogiri. However, we focus on text-to-text Oo- 147

giri for two reasons. First, abundant web resources 148

exist. Oogiri is widely popular in TV programs and 149

social media, and large platforms such as Bokete 150

and Oogiri Sogo host substantial data. Because 151

analyzing humor components requires diverse and 152

numerous samples, Oogiri is suitable from a data 153

perspective. Second, the text-to-text format is 154

unimodal, making semantic understanding more 155

straightforward than with multimodal variants. 156

Existing Oogiri Datasets and Their Limitations 157

Although progress has been hampered by limited 158

datasets, interest has recently increased with the 159

advent of LLMs and the concomitant need for 160

evaluation resources. Oogiri-specific datasets re- 161

main relatively scarce; adjacent resources include 162

English caption datasets collected from the New 163

Yorker Caption Contest (Hessel et al., 2023) and 164

various meme datasets (Liu et al., 2022; Hwang and 165

Shwartz, 2023; Hossain et al., 2022). Oogiri-GO, 166

which was built using Bokete and social media, is 167

a representative Oogiri dataset. However, it faces 168

two issues: (1) fairness concerns: Voter interfaces 169

display others’ popularity, inviting conformity and 170

potentially compromising objectivity. (2) structural 171

bias: Many prompts have few candidate responses 172

2



(approximately eight on average); hence, raters173

may select responses that are merely “less bad,”174

rather than intrinsically funny. In this study, we175

construct a novel Oogiri dataset, OOGIRI-CORPUS,176

which addresses these issues and serves as a foun-177

dation for evaluating LLM humor understanding,178

thereby improving reliability.179

Quantitative Analyses of Humor Components180

Although studies have been conducted on genera-181

tion, understanding, and explanation in computa-182

tional humor (Amin and Burghardt, 2020; Loak-183

man et al., 2025), quantitative analyses of the con-184

stituent components of “funniness” remain under-185

explored. To fill this gap, using OOGIRI-CORPUS,186

we analyze how diverse linguistic features, such187

as perspective shift, ambiguity, surprisal, sentence188

length, and part-of-speech (POS) ratios, relate to189

humor, with the aim of identifying objective, quan-190

titative indicators. Furthermore, using our bench-191

mark experiments, we outline how these insights192

can improve LLM humor understanding.193

3 Dataset Construction194

Motivated by the second challenge mentioned195

in §1, we present OOGIRI-CORPUS and provide196

details on its construction process and descriptive197

statistics. We collected data from a public198

Japanese Oogiri competition platform, Oogiri199

Sogo4. On this platform, each prompt proceeds200

through an answer phase, a voting phase, and201

a final leaderboard announcement. During the202

answer phase, users submit responses within a203

fixed time window (e.g., 12 h). This phase then204

transitions to the voting phase, in which users vote205

for the responses that they find funny among all206

submissions. Each user casts up to three votes per207

prompt, and can assign multiple votes to the same208

response. Thus, users do not provide an exhaustive209

rating for every response; instead, they allocate210

a small number of votes to selected responses.211

Unlike other platforms (e.g., Bokete), vote counts212

are not displayed during the voting phase, which213

helps to mitigate popularity bias and supports214

fairer evaluation. Finally, the platform announces215

a leaderboard based on the total votes.216

Dataset construction comprised two steps: web217

crawling5 and quality filtering. First, we collected218

2,165 prompts from the platform.6 Each prompt is219

4https://chinsukoustudy.com/
5The site explicitly permits web crawling.
6Prompt IDs 87–2254 were available when accessed.

Statistic Value

Prompts 908
Responses per prompt (avg.) 95.9
Votes per prompt (avg.) 171.6
Votes per response (avg.) 1.8
Votes per top-1 response (avg.) 10.3
Prompt length in characters (avg.) 20.4
Response length in characters (avg.) 16.4

Table 1: Summary statistics of OOGIRI-CORPUS.

associated with many responses, and each response 220

has a vote count indicating its perceived funniness. 221

We applied vote-based filtering to ensure reliability: 222

we excluded prompts for which the total number of 223

votes was fewer than 100. This threshold reduces 224

the variance owing to rater subjectivity and chance 225

when the vote pool is small. In total, 908 prompts 226

remained. We refer to this 908-prompt dataset as 227

OOGIRI-CORPUS, and used it for the subsequent 228

analyses and benchmark construction. 229

OOGIRI-CORPUS consists of prompts, re- 230

sponses, and vote counts. Across the 908 prompts, 231

each prompt has approximately 96 responses and 232

172 votes, on average. The total number of prompt– 233

response pairs is 82,536. This is approximately 234

seven times larger than that of Oogiri-GO (Zhong 235

et al., 2024) and, to the best of our knowledge, is 236

the largest Japanese Oogiri dataset to date.7 More- 237

over, although Oogiri-GO averages approximately 238

eight responses per prompt, our dataset offers 239

approximately 96 responses, yielding a far more 240

diverse candidate set per prompt. This breadth 241

enables raters to select responses that are genuinely 242

funny rather than merely “less bad” within a limited 243

pool. Dataset statistics are presented in Table 1. 244

4 Linguistic Feature Analysis 245

We address the first challenge mentioned in §1: elu- 246

cidating the components that constitute a “funny 247

response.” “Funniness” is subjective and complex; 248

for example, it involves expectation violations and 249

relatability. However, a generally accepted quan- 250

titative metric remains lacking. Accordingly, our 251

analysis aims to explain and analyze why an Oogiri 252

response is funny based on a variety of quantitative 253

linguistic features. Through this analysis, we seek 254

to identify objective and quantitative indicators for 255

understanding humor and to pave the way for im- 256

proving the ability of LLMs to understand humor. 257

7Compared with 11,842 Japanese Oogiri instances in a
text-to-text setting.
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4.1 Dataset for Analysis258

We quantitatively examined the linguistic features259

that constitute “humor,” using OOGIRI-CORPUS as260

the foundation. Although the dataset links an av-261

erage of 96 responses to each prompt, we did not262

use all responses for the analysis. This is because263

many responses have zero votes, creating a pro-264

nounced imbalance between high-rated responses265

with many votes and low-rated responses with no266

votes, which makes the analysis challenging.267

Accordingly, we first narrowed down the re-268

sponses under analysis and balanced the high- and269

low-rated responses. Specifically, for each prompt,270

we defined the top three responses by vote count271

as “high-rated responses” and the bottom three as272

“low-rated responses.” On average, high-rated re-273

sponses received approximately 8.5 votes, whereas274

all low-rated responses had zero votes. Given this275

low-rated nature, we considered them as reason-276

able representatives of “unfunny responses.” This277

yielded 5,448 responses for the analysis, with 908278

prompts × 6 responses.279

4.2 Analysis Methodology280

We examined the relationships between linguistic281

features and response humor. Specifically, for each282

response, we quantitatively measured a range of283

linguistic features and analyzed the relationship of284

these feature values to response humor (i.e., dif-285

ferences between the high- and low-rated groups).286

We defined and quantified various aspects of lin-287

guistic features by borrowing ideas from theories288

of humor, such as incongruity theory (Morreall,289

2024). These include basic linguistic features, such290

as sentence length, as well as higher-order features,291

such as resolution of incongruity (see details in292

§4.3). We considered that, when a feature exhibits293

a significantly higher or lower value in high-rated294

responses, it may constitute a component of humor.295

We reported these relationships using an inde-296

pendent two-sample Student’s t-test (two-sided, as-297

suming equal variances) (Fisher, 1925) and Co-298

hen’s d (Cohen, 1988); we reported Cohen’s d as an299

effect-size measure because the t-test is sensitive to300

large sample sizes. The conventional benchmarks301

interpret d = 0.2, 0.5, and 0.8 as small, medium,302

and large effects, respectively. The formula and303

notation for Cohen’s d are given in Appendix A.304

4.3 Linguistic Features305

To capture humor from multiple perspectives, we 306

defined 26 linguistic features,8 organized into 307

four groups: 11 basic features (seven response- 308

independent and four prompt–response relative), 309

four semantic/textual entailment features, three sur- 310

prisal/PMI features, and eight LLM-scored higher- 311

order features (Table 2), and measured them quan- 312

titatively. Inspired by the theories of humor (Mor- 313

reall, 2024) and prior research on humor and other 314

creative domains (Zhong et al., 2024; Murakami 315

et al., 2025), we selected these features as plausi- 316

ble constituents of humor. Precise definitions and 317

computation details for all features, including the 318

prompt templates and models used, are provided in 319

Appendix B. 320

Basic Linguistic Features We defined ba- 321

sic linguistic features comprising (i) response- 322

independent measures computed from the response 323

alone (e.g., length, character-type and POS ratios) 324

and (ii) prompt–response relative measures com- 325

puted by comparing each response with its prompt 326

(e.g., length ratio, lexical novelty, character-type 327

changes). 328

Semantic Distance and Textual Entailment In- 329

spired by incongruity theory (McDonald, 2013; 330

Morreall, 2024), we used (i) semantic distance and 331

(ii) textual entailment. We introduced these fea- 332

tures to quantify how far a response departs seman- 333

tically from the prompt and whether it preserves, 334

contradicts, or reframes the prompted situation. 335

Surprisal and Pointwise Mutual Information 336

We added surprisal (Shannon, 1948) and normal- 337

ized PMI (nPMI) (Fano, 1961) to capture deviation 338

from expectation. We introduced these measures 339

to quantify unexpectedness both in the response 340

itself and in the strength of association between the 341

prompt and response. 342

LLM-Scored Higher-Order Features To cap- 343

ture higher-order cues beyond surface cues (e.g., 344

length) and probabilistic or embedding-based sig- 345

nals (e.g., surprisal), we scored each prompt– 346

response pair with GPT-5 on a 1–5 scale across 347

eight higher-order aspects (Table 2): ambiguity 348

exploitation, associative distance, benign viola- 349

tion (McGraw and Warren, 2010), coherence, ex- 350

pectedness, incongruity resolution (Ritchie, 2009), 351

8We do not explicitly model or annotate culture-dependent
mechanisms (e.g., references to social norms, historical events,
or subcultural knowledge) that can shape intended meaning
and audience interpretation; see Limitations.

4



Feature names Feature values Cohe-

High Low n’s d

Basic Features
Response-independent
length∗† 14.12 16.40 -0.28
unique chars∗† 13.24 15.32 -0.30
hiragana ratio∗ 0.46 0.44 0.11
katakana ratio∗† 0.14 0.16 -0.11
noun ratio∗ 0.42 0.45 -0.13
verb ratio∗ 0.16 0.14 0.10
symbol ratio∗† 1.91 2.24 -0.07
Prompt-response
length ratio∗† 0.76 0.90 -0.27
lexical novelty∗ 0.80 0.93 -0.21
hiragana changes∗ -0.04 -0.06 0.10
katakana changes∗ 0.02 0.05 -0.10

Semantic / NLI
semantic distance∗ 0.73 0.72 0.16
contradiction∗ 0.28 0.27 0.06
entailment∗ 0.17 0.14 0.18
neutral∗ 0.55 0.59 -0.15

Surprisal / PMI
nPMI∗ 0.12 0.14 -0.14
surprisal∗response-independent 5.17 5.08 0.08
surprisal∗prompt-response 4.66 4.51 0.13

LLM-Scored Features
ambiguity exploitation∗† 2.10 1.61 0.42
associative distance∗† 4.38 3.90 0.33
benign violation∗† 4.73 4.49 0.27
coherence∗ 4.11 3.95 0.15
expectedness 2.68 2.78 -0.08
incongruity resolution∗† 3.71 3.35 0.36
metaphor use∗† 1.54 1.31 0.24
perspective shift∗† 2.40 1.87 0.50

Table 2: Comparison of linguistic features between high-
and low-rated responses. ∗ indicates statistical signifi-
cance (p < 0.05). Bold values in the Cohen’s d indicate
a small or medium effect size (|d| ≧ 0.2). † indicates
features that are employed in the benchmark experi-
ments (§5).

metaphor use, and perspective shift. We expected352

these scores to provide an interpretable characteri-353

zation of the components of funniness.354

4.4 Analysis Results355

We report on the relationships between each linguis-356

tic feature and response humor. Table 2 presents357

the mean of each feature for the high- and low-rated358

groups, p-value of the t-test, and Cohen’s d. Our359

analysis yielded the following findings:360

High-Rated Responses Tend to be Shorter361

Length-related features such as the length and362

prompt–response length ratios were significantly363

lower in the high-rated group than in the low-rated364

group, with small effect sizes. This suggests that365

brevity contributes to humor.366

Appropriate Vocabulary Diversity is Beneficial 367

Interestingly, the high-rated group showed signif- 368

icantly lower values for the unique character count 369

(unique chars) and the rate at which vocabulary that 370

is not in the prompt appears in the response (lexical 371

novelty), with small effect sizes. This indicates 372

that, relative to the low-rated group, high-rated 373

responses had a lower tendency to use new vocab- 374

ulary and may benefit from selecting appropriate 375

words without straying far from the prompt. 376

Higher-Order Linguistic Features are Effective 377

Ambiguity exploitation, associative distance, 378

benign violation, incongruity resolution, metaphor 379

use, and perspective shift were significantly higher 380

in the high-rated group, with small-to-medium 381

effect sizes. Among these, perspective shift and 382

ambiguity showed relatively larger effects, indicat- 383

ing particular importance for humor. Incongruity 384

resolution, grounded in incongruity-resolution the- 385

ory (Ritchie, 2009), also showed a relatively large 386

effect size, suggesting its contribution to humor. 387

Other Features Have Limited Impact Semantic 388

distance, textual entailment, surprisal, nPMI, and 389

other linguistic features (e.g., POS ratio) showed 390

statistically significant differences, but the effect 391

sizes were below small, suggesting limited contri- 392

butions to humor. Notably, textual entailment and 393

surprisal captured similar aspects to coherence and 394

expectedness in higher-order linguistic features, 395

but their effect sizes were below small, consistently 396

suggesting their limited role in constituting humor. 397

5 Oogiri Understanding Benchmark 398

We propose a novel benchmark, OOGIRI-MASTER. 399

The aim of this benchmark is to measure the ability 400

of an LLM to understand and judge “humor” in 401

Oogiri from different perspectives. Specifically, we 402

propose five tasks that can be broadly grouped into 403

two categories: four relative-judgment tasks using 404

multiple-choice question answering (MCQA) and 405

one absolute-judgment task using binary classifica- 406

tion. Standardized prompt templates and strict eval- 407

uation criteria were used to ensure reproducibility 408

and comparability. In the experiments, we tested 409

the insights from our analysis results in §4 and re- 410

flected the multiple linguistic features into prompt 411

templates, seeking the performance gains of LLMs 412

(§5.3). Our goal was to clarify the current state of 413

LLM humor understanding and outline a path for 414

further improvement. 415
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5.1 Task Design416

Relative Judgment Tasks In the MCQA set-417

ting, the model selects the most humorous re-418

sponse to a given prompt from several candidate419

responses. We defined four types of tasks: two420

binary-choice tasks, a three-choice task, and a four-421

choice task. In all tasks, the high-rated response422

for each prompt served as the positive example,423

and the negatives were constructed differently for424

each task. For the two binary-choice tasks, we con-425

structed negatives in two ways: (i) we paired the426

positive with one low-rated response from the same427

prompt (Binarysame) and (ii) we paired the posi-428

tive with one high-rated response for a different429

prompt (Binarydiff). The latter evaluates whether430

the model can judge funniness as a response to431

the given prompt, rather than merely ranking re-432

sponses within the same prompt, following Hessel433

et al. (2023). For the three- and four-choice tasks,434

we used one low-rated same-prompt response and435

one or two high-rated different-prompt responses436

as negatives, respectively.437

Absolute Judgment Task In the binary classi-438

fication setting, the model decides whether a re-439

sponse to a prompt is “funny” or “not funny.” For440

each prompt, we used the high-rated response as441

the positive and the low-rated response as the nega-442

tive, measuring the ability of the model to evaluate443

funniness in absolute terms. Prompt examples for444

the relative- and absolute-judgment tasks are pro-445

vided in Appendix C.446

5.2 Dataset Construction447

OOGIRI-MASTER is built on OOGIRI-CORPUS.448

For the MCQA setting, we sampled 100 prompts449

per task from OOGIRI-CORPUS, and selected posi-450

tives and negatives according to each task design,451

yielding 400 items across the four tasks. For bi-452

nary classification, we sampled 100 prompts from453

OOGIRI-CORPUS, pairing one high-rated response454

and one low-rated response per prompt for 200455

items. In total, OOGIRI-MASTER comprised 600456

items.9457

5.3 Benchmark Experiments458

5.3.1 Experimental Setup459

We evaluated a range of LLMs listed in Table 3,460

from proprietary (e.g., GPT-5) to open-source (e.g.,461

DeepSeek-R1), on five tasks in OOGIRI-MASTER.462

9To prevent data contamination, we sampled different data
points from the analysis dataset in §4.

We report the accuracy as an evaluation metric. For 463

API-based models, we averaged results over three 464

trials. During inference, we set the temperature 465

parameter to zero for all models. 466

We compared two prompting strategies when 467

instructing the LLMs to solve each task. (1) a 468

baseline prompt that simply instructs the model 469

to select options, (2) an insight-augmented prompt 470

that incorporates features computed from given 471

prompt–response pairs based on the findings of 472

our data analysis. For reproducibility, we provide 473

the prompt templates in Appendix C. To keep the 474

prompts concise, we included only a small set of 475

features selected with reference to the observed 476

effect sizes in Table 2. Specifically, we used five 477

basic features: length, unique character count, 478

prompt–response length ratio, symbol ratio, and 479

katakana ratio; and six LLM-scored features: 480

ambiguity exploitation, associative distance, 481

benign violation, incongruity resolution, metaphor 482

use, and perspective shift. The basic features 483

were precomputed and inserted directly into the 484

prompt. LLM-scored features followed a two-step 485

procedure: first, for each prompt–response pair, 486

the target LLM computed scores for each aspect 487

(e.g., metaphor use); second, these scores were 488

included as context when instructing the model to 489

select the options for each task. 490

To validate the human performance on this 491

benchmark, we recruited Japanese-speaking crowd- 492

workers from Yahoo! Crowdsourcing, a major 493

Japanese crowdsourcing platform10 and asked 494

them to solve each item using the same baseline 495

prompt that was shown to the LLMs. Each item 496

was answered by 21 workers, and the final labels 497

were determined by majority vote. We included 498

attention checks with unambiguous answers and 499

aggregated the results only for the 21 workers who 500

passed the checks for each item. Inter-annotator 501

agreement among the 21 crowdworkers, measured 502

by Fleiss’ κ, is reported in Appendix C.3. 503

5.3.2 Results and Discussion 504

Table 3 lists the benchmark results. We compared 505

two prompting strategies: a baseline prompt and an 506

insight-augmented prompt. 507

Baseline Prompt When averaging the accuracy 508

across the five tasks, Claude-Opus-4 performed 509

the best (68.7%), followed by GPT-5 (67.6%) and 510

10https://crowdsourcing.yahoo.co.jp/. See Ap-
pendix C.2 for the task instructions shown to crowdworkers.
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Models Features Absolute. Relative. Ave. ∆Ave.

Binaryclass Binarydiff Binarysame Triple Quad Accuracy Accuracy

Open LLMs
gpt-oss-20b – 50.5 64.0 45.0 33.0 37.0 45.9 –
gpt-oss-20b ✓ 54.0 52.0 57.0 27.0 22.0 42.4 -3.5
DeepSeek-R1-14b – 48.5 56.0 43.0 31.0 28.0 41.3 –
DeepSeek-R1-14b ✓ 46.0 57.0 49.0 24.0 31.0 41.4 +0.1
DeepSeek-R1-14bja – 52.0 61.0 42.0 38.0 30.0 44.6 –
DeepSeek-R1-14bja ✓ 50.0 59.0 53.0 44.0 24.0 46.0 +1.4
LLM-jp-3.1-13bja – 47.0 80.0 45.0 39.0 38.0 49.8 –
LLM-jp-3.1-13bja ✓ 50.5 58.0 45.0 30.0 28.0 42.3 -7.5

Proprietary LLMs
Claude-Opus-4 – 57.2 83.0 70.0 63.0 70.3 68.7 –
Calude-Opus-4 ✓ 50.8 72.7 68.0 53.0 51.3 59.2 -9.5
Gemini-2.5-Pro – 51.3 62.0 61.7 46.3 45.7 53.4 –
Gemini-2.5-Pro ✓ 50.8 58.7 66.3 51.3 47.0 54.8 +1.4
GPT-5 – 61.7 89.7 65.3 62.3 59.0 67.6 –
GPT-5 ✓ 60.0 93.3 69.0 69.0 62.0 70.7 +3.1

human – 54.5 95.0 59.0 67.0 68.0 68.7

Table 3: Results of benchmark experiments. The best results for each column are bolded. “Ave. Accuracy” indicates
the average accuracy (%) across five tasks, and “∆Ave. Accuracy” indicates the difference in average accuracy (%)
when using features from our analysis.

Gemini-2.5-Pro (53.4%). Open LLMs lagged511

behind these proprietary LLMs; even the strongest,512

LLM-jp-3.1-13bja, reached only 49.8%. Addition-513

ally, with the same instructions as those provided514

to the LLMs, the 21 crowdworkers achieved 68.7%,515

which is comparable to that of Claude-Opus-4.516

One possible reason that the human performance517

was relatively low compared with our expectations518

is the demographic mismatch between crowdwork-519

ers and users of the Oogiri platform.11 Humor is520

subjective, and differences in age and interests can521

yield different judgments of funniness. Future stud-522

ies will include analyses that account for annotator523

attributes and evaluations using more diverse raters.524

Insight-Augmented Prompt With feature incor-525

poration, four models, namely GPT-5, Gemini-526

2.5-Pro, DeepSeek-R1, and DeepSeek-R1ja, im-527

proved their average accuracy across the five tasks.528

Notably, GPT-5 increased from 67.6% to 70.7%529

(+3.1%), surpassing both human performance and530

Claude-Opus-4 in the baseline setting. This sup-531

ports the effectiveness of the linguistic features532

that reflect the components of humor in improv-533

ing Oogiri understanding. However, three models,534

namely Claude-Opus-4, gpt-oss-20b, and LLM-jp-535

3.1-13bja, degraded. One possible factor is differ-536

ences in the reasoning ability. Compared with the537

11Because neither the crowdsourcing service nor the Oogiri
platform discloses detailed user attributes, we could not per-
form a precise comparison; however, some differences in user
populations are plausible.

baseline, the insight-augmented prompt was longer 538

and more complex because of the added features 539

and instructions. Stronger reasoners (e.g., GPT-5) 540

could correctly interpret these complex prompts 541

and benefits, whereas weaker models (e.g., LLM- 542

jp-3.1-13bja) tended to misinterpret them and over- 543

rely on feature magnitudes. For example, given the 544

insight that funnier responses tend to be shorter, 545

weaker models over-selected very short responses. 546

This suggests that when reasoning is limited, in- 547

structing models to consider features can introduce 548

overfitting problems and reduce performance. 549

5.3.3 Analysis 550

Effectiveness of Continued Pretraining on 551

Japanese Corpus We compared the two models 552

in Table 3, namely DeepSeek-R1 and DeepSeek- 553

R1ja, which share the same architecture and pa- 554

rameter count; the only difference is the pretrain- 555

ing data. DeepSeek-R1ja continues pretraining 556

DeepSeek-R1 on a Japanese corpus.12 DeepSeek- 557

R1ja improved the average accuracy across the five 558

tasks from 41.3% to 44.6% in the baseline set- 559

ting (+3.3 points) and from 41.4% to 46.0% in 560

the insight-augmented setting (+4.6 points). As 561

our benchmark is based on Japanese Oogiri, these 562

results suggest that continued pretraining on a 563

Japanese corpus can improve performance on Oo- 564

giri humor-judgment tasks. Although prior work 565

12https://huggingface.co/cyberagent/
DeepSeek-R1-Distill-Qwen-14B-Japanese
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Models Features Ave. ∆Ave.
Basic. LLM-scored. Acc. Acc.

Gemini-2.5-Pro – – 53.4 –
Gemini-2.5-Pro ✓ – 57.1 +3.7
Gemini-2.5-Pro – ✓ 54.5 +1.1
Gemini-2.5-Pro ✓ ✓ 54.8 +1.4

GPT-5 – – 67.6 –
GPT-5 ✓ – 69.8 +2.2
GPT-5 – ✓ 68.0 +0.4
GPT-5 ✓ ✓ 70.7 +3.1

Table 4: Ablation study on feature types. “∆Ave. Acc.”
represents the difference in average accuracy compared
to the model without any features. The best accuracy
for each model is bolded.

has shown that continued pretraining on Japanese566

corpora improves performance on Japanese567

cultural-knowledge benchmarks (e.g., knowledge568

of folktales) (Tsutsumi and Jinnai, 2025), our find-569

ings suggest that such continued pretraining also570

helps with the higher-level language understanding571

needed to judge funniness in Japanese Oogiri.572

Ablation Study of Feature Groups Table 4573

presents the average accuracy over the five tasks for574

GPT-5 and Gemini-2.5-Pro under four settings: in-575

troducing only basic linguistic features, introducing576

only LLM-scored higher-order features, introduc-577

ing both, and using the baseline with no features. In578

all cases, incorporating features into a prompt im-579

proved the average accuracy over the baseline. For580

GPT-5, using both feature groups yielded the best581

results. For Gemini-2.5-Pro, introducing only basic582

linguistic features (e.g., length and character-type583

ratios) performed the best. Notably, when intro-584

ducing only basic linguistic features, both Gemini-585

2.5-Pro and GPT-5 improved more than when intro-586

ducing higher-order features alone (e.g., +3.7 and587

+2.2 points, respectively). Response length was588

already identified in our analysis as a constituent589

component of humor, and the benchmark results590

empirically confirm that such simple heuristics can591

be effective criteria for evaluating funniness. These592

findings suggest that exploring a broad range of593

linguistic features is a promising direction for en-594

hancing the humor understanding of LLMs further.595

Effect of Instruction Style for Feature Use We596

also examined the influence of instruction style597

on performance when incorporating features into598

prompts, that is, how we should tell the model to599

use the features. We considered two styles: (1)600

instructing the model to use the features when judg-601

Models Features Uncertain Ave. Accuracy

GPT-5 – – 67.6
GPT-5 ✓ – 68.9
GPT-5 ✓ ✓ 70.7

Table 5: Ablation study on instruction styles. “Uncer-
tain” indicates whether the uncertain instruction style is
used. “Ave. Accuracy” indicates the average accuracy
(%) across five tasks.

ing funniness, and (2) instructing the model to con- 602

sult the features only when uncertain. In our prelim- 603

inary experiments, we first attempted style (1) and 604

observed an over-reliance on feature magnitudes, 605

which motivated the proposal of style (2). Table 606

5 shows the average accuracy of GPT-5 over the 607

five tasks for the no-feature baseline and the two 608

instruction styles. Here, the “Uncertain” column 609

corresponds to style (2). In both styles, incorporat- 610

ing features improved over the baseline; notably, 611

style (2) yielded the highest performance, improv- 612

ing the average accuracy by 3.1 points over the 613

baseline. This indicates that asking the model to 614

consider features only when uncertain helps to pre- 615

vent over-dependence on feature magnitudes and 616

enables more appropriate use of the features. The 617

results highlight instruction design as an important 618

lever for improving the humor understanding of 619

LLMs, and the value of exploring more effective 620

instruction styles in future studies. 621

6 Conclusion 622

We presented a systematic study of humor 623

on OOGIRI-CORPUS, and introduced OOGIRI- 624

MASTER, a benchmark covering relative and abso- 625

lute judgments. Our analysis showed that multiple 626

linguistic features, such as length and ambiguity, 627

correlated with high-rated responses. In the bench- 628

mark experiments, we showed that incorporating 629

these features into prompts improves average accu- 630

racy across the five benchmark tasks. Furthermore, 631

we demonstrated that continued pretraining on a 632

Japanese corpus further boosts accuracy and in- 633

structing models to consider features only when 634

uncertain mitigates over-reliance on heuristics. Fu- 635

ture work will include exploring other effective 636

linguistic features and refining prompt design, scal- 637

ing human evaluations with annotator attributes, 638

and extending the method to other languages and 639

multimodal settings. 640
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Limitations641

Limited to Japanese Oogiri Our analysis and642

benchmark are based on Japanese Oogiri data.643

Some humor depends on culture-specific knowl-644

edge (e.g., a response such as “Mount Fuji” may645

be funny to Japanese users because it evokes famil-646

iar shared knowledge), and similar effects may not647

hold in other languages or cultural contexts. We do648

not explicitly model or annotate culture-dependent649

aspects (e.g., references to social norms, histor-650

ical events, or subcultural knowledge) that can651

shape intended meaning and audience interpreta-652

tion. Therefore, our findings should be interpreted653

as characterizing humor judgments within the tar-654

get Japanese Oogiri community rather than univer-655

sal humor understanding. Moreover, our feature656

analysis included Japanese-specific elements (e.g.,657

character-type ratios), which may not be directly658

transferred. Future work should include collecting659

and analyzing Oogiri-like data in other languages660

and cultures to better understand the cross-lingual661

and cross-cultural variations in humor.662

Vote-Based Measurement and Sparsity Our663

dataset uses user votes as a proxy for perceived664

funniness. Voting is non-exhaustive (each user al-665

locates only a small number of votes), and many666

responses receive zero votes; thus, low vote counts667

can reflect not only low funniness but also lim-668

ited exposure or other platform dynamics that we669

cannot fully observe. Although we apply filtering670

(e.g., minimum total votes per prompt) to reduce671

variance, residual biases may remain.672

Unknown Demographics and Potential Mis-673

match The platform does not provide detailed de-674

mographic information about users or voters, which675

prevents us from analyzing how preferences vary676

across groups (e.g., age and gender) and from di-677

rectly controlling for demographic biases in voting.678

In addition, our crowdworker-based human base-679

line may differ from the platform user population,680

which can affect human–model comparisons.681

Dependence on Specific Models and Prompts682

for Feature Measurement Several features de-683

pend on specific models and prompts (e.g., LLM-684

scored higher-order features) or on specific lan-685

guage model and tokenization choices (e.g., sur-686

prisal and nPMI). These design choices may influ-687

ence feature values and downstream analyses.688

Benchmark Scope Limited to Oogiri Under- 689

standing We proposed a benchmark focused on 690

understanding “funniness” in Oogiri: four MCQA 691

subtasks and one binary classification task. How- 692

ever, humor understanding is related to other capa- 693

bilities such as generation and explanation (Loak- 694

man et al., 2025). Although these are beyond the 695

scope of this study, extending the benchmark to 696

evaluate generation and explanation is an impor- 697

tant direction for future research. 698

Focus on Unimodal Settings As discussed in 699

Related Work (§2), Oogiri can be framed as text-to- 700

text, image-to-text, or image&text-to-text (Zhong 701

et al., 2024). We focused on the text-to-text ap- 702

proach for two reasons: (1) as a first step toward 703

measuring LLM humor understanding, a unimodal 704

text-only setup reduces complexity relative to mul- 705

timodal settings, and (2) text-to-text Oogiri data 706

are more abundant on the web, facilitating robust 707

dataset construction and generalizable analysis. An 708

important next step is to extend the dataset to mul- 709

timodal variants and study humor understanding 710

involving visual information. 711

Ethical Considerations 712

Data Collection and Licensing OOGIRI- 713

CORPUS was constructed by collecting data from 714

the public Japanese Oogiri competition platform, 715

Oogiri Sogo. We confirm that the site explicitly 716

permits web crawling, ensuring the legitimacy of 717

the data collection process in §3. To promote trans- 718

parency and facilitate further research, OOGIRI- 719

CORPUS and OOGIRI-MASTER will be made 720

available under the CC BY-NC-SA 4.0 license. 721

Privacy and Content Safety The released 722

versions of OOGIRI-CORPUS and OOGIRI- 723

MASTER will not contain any metadata that 724

names or uniquely identifies individuals (e.g., 725

usernames or profile URLs). Prior to release, 726

we will additionally screen the text for potential 727

personal identifiers and remove them if found. 728

Human Evaluation on OOGIRI-MASTER We 729

recruited Japanese-speaking crowdworkers for 730

human baseline evaluation in §5. We used Yahoo! 731

Crowdsourcing, a major Japanese crowdsourcing 732

platform. In accordance with the platform’s 733

regulations, the compensation was set at 10 yen 734

per 20 tasks. Workers were informed that the 735

annotated results would be used for research 736

purposes. In addition, we acknowledge that a 737
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potential demographic mismatch between the738

crowdworkers and Oogiri-platform users exists739

as discussed in §5.3.2, suggesting that a further740

analysis accounting for annotator attributes is741

necessary to improve the evaluation reliability.742

Use of AI Assistance We used an AI assistant743

during manuscript revision for language editing744

and LATEX formatting. All changes were reviewed745

and validated by the authors. The AI assistant746

was not used to generate the dataset, human747

annotations, or experimental results.748

Potential Risks and Mitigations OOGIRI-749

CORPUS and OOGIRI-MASTER are intended for750

research on humor judgment in Japanese Oogiri.751

Since humor is subjective and culturally contingent,752

using these resources beyond this scope (e.g., other753

languages, cultures, or high-stakes settings) may754

lead to misleading or unfair evaluations. We mit-755

igate this risk by restricting our claims to the target756

setting, documenting key limitations, and recom-757

mending research-only use with human oversight.758
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A Analysis Methodology900

This section provides supplementary details for the901

statistical analysis used in Section 4, focusing on902

the definition and notation of Cohen’s d.903

A.1 Cohen’s d904

Cohen’s d is the difference between the two group905

means divided by a pooled standard deviation:906

d =
X̄1 − X̄2

sp
(1)907

908

sp =

√
(n1 − 1)s21 + (n2 − 1)s22

n1 + n2 − 2
(2)909

where X̄ , s, and n are the mean, standard deviation,910

and sample size for each group.911

B Definition of Linguistic Features912

This section defines the 26 linguistic features an-913

alyzed in Section 4, grouped into basic linguistic914

features, semantic/NLI-based features, LM-based915

features, and LLM-scored higher-order features.916

B.1 Basic Linguistic Features917

Response-independent measures are computed918

from the response alone and correspond to the919

table rows length, unique chars, hiragana ratio,920

katakana ratio, noun ratio, verb ratio, and symbol921

ratio; we used MeCab (Kudo et al., 2004) for to-922

kenization and POS tagging. Here, length is the923

response character count, unique chars is the num-924

ber of distinct characters in the response, and each925

character-type ratio is the proportion of characters926

of that type in the response. Prompt–response mea-927

sures are computed by comparing each response928

with its prompt and correspond to length ratio,929

lexical novelty, hiragana changes, and katakana930

changes. Here, length ratio is the response-to-931

prompt character-count ratio, lexical novelty is the932

proportion of response words that do not appear in933

the prompt, and hiragana/katakana changes are the934

differences between the corresponding character-935

type ratios in the response and prompt.936

B.2 Semantic Distance and Textual937

Entailment938

Semantic distance is one minus cosine simi-939

larity between text-embedding-3-large (Ope-940

nAI, 2025) embeddings. For NLI we used941

mDeBERTa-v3-base (He et al., 2021) (fine-tuned942

on XNLI (Conneau et al., 2018) and multilingual- 943

NLI (Laurer et al., 2022)); each (prompt, response) 944

pair was fed with the prompt as premise and the re- 945

sponse as hypothesis, with inputs truncated to 512 946

tokens, and we used softmax-normalized entail- 947

ment/neutral/contradiction probabilities. In Table 2, 948

these correspond to the rows semantic distance, en- 949

tailment, neutral, and contradiction. 950

B.3 Surprisal and nPMI 951

Surprisal is the average negative log-probability 952

per response token (nats/token) under 953

rinna/japanese-gpt2-medium. We computed it 954

with teacher forcing under two prefixes: “prompt: 955

{prompt}\n response:” (prompt-conditioned) 956

and “response:” (unconditioned). We use the 957

natural logarithm. In Table 2, the two surprisal 958

settings correspond to surprisalprompt-response and 959

surprisalresponse-independent, respectively. We also 960

defined LM-based PMI and nPMI as follows: 961

PMI(t, a) = log pθ(a | t)− log pθ(a) (3) 962

963

nPMI(t, a) =
PMI(t, a)

− log pθ(a | t)
(4) 964

where log pθ(·) is the sum of token log- 965

probabilities of the response; this uses no co- 966

occurrence windows or stopword removal. 967

B.4 LLM-Scored Higher-Order Features 968

Because of API cost, we scored 2,000 sampled 969

prompt–response pairs (1,000 high-rated and 1,000 970

low-rated) with GPT-5 on a 1–5 scale across the 971

following eight aspects (Table 2); higher scores 972

indicate more of the stated property: 973

• Ambiguity exploitation: The use of lexical 974

or structural ambiguity that enables multiple 975

interpretations. 976

• Associative distance: A moderate and natu- 977

ral conceptual leap from the prompt to the 978

response. 979

• Benign violation: Deviations framed as harm- 980

less and acceptable, grounded in benign viola- 981

tion theory (McGraw and Warren, 2010). 982

• Coherence: Strong discourse-level connected- 983

ness between the prompt and response. 984

• Expectedness: The ease of predicting the re- 985

sponse given the prompt. 986
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You are an expert judge of Oogiri humor.
Prompt: {prompt}
Choose the funniest response.
A: {response_A}
B: {response_B}
C: {response_C}
D: {response_D}
Important: Answer with A, B, C, or
D only. No explanation is required.
Answer:

Figure 2: Prompt for the relative judgment task.

You are an expert judge of Oogiri humor.
Prompt: {prompt}
Response: {response}
Is this response funny?
Important: Answer with either funny or not
funny only. No explanation is required.
Answer:

Figure 3: Prompt for the absolute judgment task.

• Incongruity resolution: The natural resolution987

of an initial mismatch by a coherent reinter-988

pretation, grounded in incongruity-resolution989

theory (Ritchie, 2009).990

• Metaphor use: The presence of metaphorical991

expression in the response.992

• Perspective shift: A meaningful change in993

viewpoint or framing that enables a punch-994

line.995

Figure 5 provides the prompt template used to996

score higher-order linguistic features for prompt–997

response pairs.998

C Benchmark Experiments999

This section provides supplementary materials for1000

the benchmark experiments in Section 5, including1001

the prompt templates used for the relative- and1002

absolute-judgment tasks and the insight-augmented1003

setting.1004

C.1 Prompt Templates for LLMs1005

Figures 2 and 3 provide the baseline prompt ex-1006

amples for the relative- and absolute-judgment1007

tasks, respectively. Figure 6 provides the insight-1008

augmented prompt template used in our benchmark1009

experiments.1010

C.2 Crowdworker Instructions1011

Figure 4 provides the task instructions shown1012

to crowdworkers for the absolute- and relative-1013

judgment tasks.1014

[Absolute judgment task (binary)]
Task: Given an Oogiri prompt and a response,
judge whether the response is funny.
Selection criterion: Is the response funny for
the given prompt?
Prompt: {prompt}
Response: {response}
—
[Relative judgment task (MCQA)]
Task: Given an Oogiri prompt and multiple
candidate responses, choose the funniest
response.
Selection criterion: Which response is the
funniest for the given prompt?
Prompt: {prompt}
A: {response_A}
B: {response_B}
C: {response_C}
D: {response_D}
(The number of options varies by task.)

Figure 4: Task instructions shown to crowdworkers.

C.3 Inter-Annotator Agreement 1015

We report inter-annotator agreement among the 1016

21 crowdworkers using Fleiss’ κ. It was 0.035 1017

for binary classification (200 items), and 0.067 1018

(Binarysame), 0.235 (Binarydiff), 0.113 (three- 1019

choice), and 0.145 (four-choice) for the four 1020

MCQA tasks (100 items each). Agreement was 1021

highest for Binarydiff, where the negative response 1022

comes from a different prompt, which may make 1023

the choice less ambiguous. Overall agreement is 1024

low, which is expected because humor judgments 1025

are subjective and some items can be genuinely 1026

ambiguous. We therefore used attention checks 1027

and majority vote to obtain a robust aggregate label 1028

and interpret the human baseline as an approximate 1029

reference. 1030
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You receive a prompt and a response, and your task is to evaluate how appropriate the response is for the prompt. Please evaluate
the characteristics of the response to the prompt for the following “Oogiri” scenario on a scale of 1–5.

Prompt: {prompt}
Response: {response}

Evaluate based on the following criteria and respond in JSON format.
In doing so, please explain the reasoning for the scores.

1) ambiguity_exploitation (1–5): Use of Ambiguity
1: The response does not exploit ambiguity.
3: The response is somewhat ambiguous.
5: The response effectively exploits ambiguity.

2) associative_distance (1–5): Appropriateness of Association
1: The association between prompt and response is direct OR requires 5 or more associative leaps.
3: The association is reached in 1 step OR requires 4 steps with somewhat unnatural association.
5: The association is naturally reached in 2–3 steps.

3) benign_violation (1–5): Degree of Harmless Violation
1: The response deviates from the prompt and is extremely harmful/offensive.
3: The response deviates from the prompt and is somewhat harmful/offensive.
5: The response deviates from the prompt but is harmless.

4) coherence (1–5): Logical Coherence between prompt and Response
1: The prompt and response are not logically connected.
3: The prompt and response are somewhat logically connected.
5: The prompt and response are perfectly logically connected.

5) expectedness (1–5): Predictability of the Response
1: The response is completely unexpected and surprising relative to the prompt.
3: The response is somewhat unexpected or surprising relative to the prompt.
5: The response is very predictable or obvious relative to the prompt.

6) incongruity_resolution (1–5): Degree of Resolution of Incongruity
1: The incongruity between the prompt and response is not resolved at all.
3: The incongruity between the prompt and response is somewhat resolved.
5: The incongruity between the prompt and response is naturally resolved.

7) metaphor_use (1–5): Appropriateness of Metaphor Use
1: The response does not use metaphor regarding the prompt.
3: The response somewhat uses metaphor regarding the prompt.
5: The response uses metaphor regarding the prompt.

8) perspective_shift (1–5): Shift in Perspective
1: The response shows no shift in perspective regarding the prompt.
3: The response shows a partial shift in perspective regarding the prompt.
5: The response shows a clear shift in perspective regarding the prompt.

Output Requirements:
- All scores must be integers (1–5).
- In the reasoning field, summarize the concise basis for each score in 1–3 sentences.
- Return in JSON format.

{
“reasoning”: “Reason for the scores”,
“ambiguity_exploitation”: number,
“associative_distance”: number,
“benign_violation”: number,
“coherence”: number,
“expectedness”: number,
“incongruity_resolution”: number,
“metaphor_use”: number,
“perspective_shift”: number
}

Figure 5: Prompt for LLM-based scoring of higher-order linguistic features (shown in English; translated from the
original prompt used in our experiments).
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You are an expert judge of Oogiri humor. Please evaluate the funniness of the responses in two steps.
First, assign 1–5 scores for the following aspects and output JSON (for style_features, consult the measured values in
[Measurements]).
Then, use these features to decide which response is the funniest for the prompt.
If you are unsure, you may consult the core_features and style_features below; they are helpful cues but not absolute criteria.
[Scoring criteria]
core_features (higher scores indicate more of the stated property):
- perspective_shift: (criteria description)
- ambiguity_exploitation: (criteria description)
- incongruity_resolution: (criteria description)
- benign_violation: (criteria description)
- metaphor_mapping: (criteria description)
- bridge_complexity: (criteria description)
style_features (consult [Measurements] when needed):
- answer_length_chars: shorter tends to be funnier
- rel_length_ratio: lower tends to be funnier (answer shorter than prompt)
- unique_char_count: fewer tends to be funnier
- unique_char_ratio: lower tends to be funnier
- punctuation_density: lower tends to be funnier
- katakana_ratio: lower tends to be funnier
[Measurements]
Measured values for option A:
- answer_length_chars: {...}
- rel_length_ratio: {...}
- unique_char_count: {...}
- unique_char_ratio: {...}
- punctuation_density: {...}
- katakana_ratio: {...}
(Similarly for options B, C, and D.)
[Requirements]
- Output JSON only.
- All core_features scores must be integers (1–5).
- In the reasoning field, summarize the basis for the scores in 1–3 sentences.
- The decision field must be a single option label (e.g., “A”, “B”, “C”, or “D”).
- When assessing style_features, consult the measured values in [Measurements].
[Output format]
{

“options”: {
“A”: {
“reasoning”: “Reason for the scores”,
“core_features”: {
“perspective_shift”: number,
“ambiguity_exploitation”: number,
“incongruity_resolution”: number,
“benign_violation”: number,
“metaphor_mapping”: number,
“bridge_complexity”: number

}
},
“B”: {...},
...

},
“decision”: “A” | “B” | “C” | “D”

}
Prompt: {prompt}
Choose the funniest answer among the four options.
A: {option_A}
B: {option_B}
C: {option_C}
D: {option_D}
Important: Output JSON only.
Answer:

Figure 6: Insight-augmented prompt template used in OOGIRI-MASTER. The model is instructed to output a JSON
object with rubric-based scores and to consult measured linguistics features only when uncertain.

15


	Introduction
	Related Work
	Dataset Construction
	Linguistic Feature Analysis
	Dataset for Analysis
	Analysis Methodology
	Linguistic Features
	Analysis Results

	Oogiri Understanding Benchmark 
	Task Design
	Dataset Construction
	Benchmark Experiments
	Experimental Setup
	Results and Discussion
	Analysis


	Conclusion
	blackAnalysis Methodology
	blackCohen's d

	blackDefinition of Linguistic Features
	blackBasic Linguistic Features
	blackSemantic Distance and Textual Entailment
	blackSurprisal and nPMI
	blackLLM-Scored Higher-Order Features

	blackBenchmark Experiments
	blackPrompt Templates for LLMs
	blackCrowdworker Instructions
	blackInter-Annotator Agreement


