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Abstract001

Metaphor reasoning is an essential cognitive002
ability that maps knowledge from familiar do-003
mains to more abstract domains. This ability004
functions as a meta-ability underlying many005
types of reasoning. However, existing work006
rarely investigates how metaphor reasoning af-007
fects other reasoning abilities. To bridge this008
gap, we systematically study how metaphor009
reasoning, particularly through metaphorical010
riddles, can enhance broader reasoning abil-011
ities in large language models. We propose012
METAR, an automated system for synthesiz-013
ing metaphorical riddles that satisfy five qual-014
ity dimensions: diverse, balanced, reasoning-015
oriented, challenging, and verifiable. Lever-016
aging that answer categories determine riddle017
categories, we employ a hierarchical answer018
taxonomy for the former three criteria and a019
multi-agent refinement framework for the latter020
two, generating a high-quality dataset. Train-021
ing with reinforcement learning on verifiable re-022
wards using only thousands of metaphorical rid-023
dles, we demonstrate improvements across six024
out-of-distribution reasoning domains. Anal-025
ysis reveals transfer effectiveness depends on026
model scale and pattern-target domain align-027
ment. We will release our code and data.028

1 Introduction029

Metaphor reasoning is an essential cognitive abil-030

ity (Lakoff, 1993). Through metaphors, humans031

are able to understand abstract concepts by map-032

ping knowledge from familiar domains (i.e., source033

domains) to more abstract domains (i.e., target do-034

mains) (Lakoff and Johnson, 2024). As illustrated035

in Figure 1, comparing ducks that handle pests036

in rice fields to wardens conveys their role with037

only one word. Hence, metaphor reasoning can038

be considered as a meta-ability underlying many039

types of reasoning, such as abstract and analogi-040

cal reasoning (Thibodeau and Boroditsky, 2011;041

Khatin-Zadeh et al., 2022).042

Input Riddle

…Green spears 
mark my avenues;
web-footed wardens 
patrol them.
Undress me and I 
become winter;
keep a coat and I 
am autumn…
What am I?

Green spears
→ Rice Leaves
Web-footed wardens 
→ Ducks / Pest Control

Clothing (Undress, Coat)
→ Rice Anatomy
Seasons (Winter, Autumn)
→ Rice Colors

Riddle
Answer

RICE

Metaphorical Clues 
(Source Domain → Target Domain)

Figure 1: An example of a metaphorical riddle.

However, existing work rarely investigates 043

metaphor reasoning’s impact on reasoning abil- 044

ities. Current research on metaphor reasoning 045

focuses on detection (Tian et al., 2024; Chen 046

et al., 2024), interpretation (Tong et al., 2024; 047

Sanchez-Bayona and Agerri, 2025), creative gener- 048

ation (Chakrabarty et al., 2021; He et al., 2023a,b), 049

or downstream tasks such as sentiment analysis (Li 050

et al., 2022a), translation (Wang et al., 2024), jail- 051

breaking (Yan et al., 2025), and word-games (Xu 052

and Zhong, 2025). While recent work demonstrates 053

that metaphor reasoning can enhance reasoning 054

abilities (Kramer, 2025), this work lacks evaluation 055

on public reasoning datasets. Therefore, metaphor 056

reasoning’s impact on broader reasoning domains 057

remains under-explored. 058

To investigate how metaphor reasoning affects 059

reasoning abilities in broader domains, we first 060

need to identify an appropriate task form. Riddles 061

serve as a typical task form for metaphor reason- 062

ing (Panagiotopoulos et al., 2025; Le et al., 2025): 063

For the essence of a riddle is to express 064

true facts under impossible combina- 065

tions. Now this cannot be done by any 066

arrangement of ordinary words, but by 067

the use of metaphor it can. 068

—Poetics, Chapter XXII, by Aristotle 069

Specifically, riddles use ingenious and enigmatic 070

language to describe a hidden answer, requiring 071
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Rice

Ground truth

Riddle Draft Generator
…Green spears mark my avenues; 
web-footed wardens patrol them.
Undress me and I become winter; 

Reviewer

Too Easy

Unsolvable

Multiple 

Solutions

o1-mini

DeepSeek

gpt-4o-mini

Verifiable Challenging

PassRate < Threshold?

Reviser

Solvers

Salmon

Fish

Fish

Rice Rice

River Spring

Rice Wheat

Rice Spring Lake

Rice

Lake

Lake

Revise the riddle to be more challenging/solvable/clear

or ?

if

if

if

if

Pass Rate Filter

Final Riddle

Riddle (𝒆)

Ground truth (𝒕)

I raise mirror cities where the 
sky kneels face-down. 
Green spears mark my avenues; 
web-footed wardens patrol them.
Beaks and whiskers besiege my 
storehouses, and false twins 
steal my sun. 
… (Omitted)
I am numberless, yet I rarely 
voyage beyond my birthplace.
I am the small that builds the 
full. What am I? 

Rice

Figure 2: Multi-agent iterative refinement framework for riddle generation: (1) Riddle Draft Generation constructs
initial riddles from metaphors given a ground truth answer; (2) Solver Answer Collection collects candidate
answers from diverse solversM; (3) Reviewer Assessment verifies Verifiability and Challengingness through quality
assessment; (4) Reviser Refinement iteratively improves problematic riddles based on diagnostic outcomes; (5) Pass
Rate Filter applies a final quality gate to ensure challengingness requirement.

solvers to infer the answer through deliberate rea-072

soning. On one hand, figurative language is com-073

mon in riddles, with 37.5% of riddles contain-074

ing figurative language, of which 24% contain075

metaphors (Zhang and Wan, 2022). In our pa-076

per, we refer to riddles that contain metaphors as077

metaphorical riddles. On the other hand, metaphor-078

ical riddle reasoning inherently involves multi-079

ple traditional metaphor reasoning tasks, such as080

component identification (Li et al., 2022b) and081

metaphor interpretation (Tong et al., 2024). As082

shown in Figure 1, this metaphorical riddle con-083

tains multiple metaphorical clues that require map-084

ping through metaphor reasoning to arrive at the085

final answer. Hence, we adopt metaphorical riddles086

as our task form to study how metaphor reasoning087

affects reasoning abilities in broader domains.088

However, using metaphorical riddles to enhance089

models’ reasoning abilities faces several chal-090

lenges: (1) Scalable dataset construction: Previ-091

ous work typically collects metaphorical riddles092

through web scraping (Lin et al., 2021; Zhang and093

Wan, 2022), which suffers from limited scalability.094

(2) Effective training recipe: Existing methods ei-095

ther rely on prompting without improving model096

capabilities (Panagiotopoulos et al., 2025) or fine-097

tune small models on Question-Answer pairs, but098

fail to evaluate generalization to broader reasoning099

domains (Lin et al., 2021).100

To bridge the gap, we systematically study how101

metaphor reasoning affects reasoning abilities in102

other domains using riddles as our task form. We103

propose METAR, an automated system for synthe-104

sizing metaphorical riddles with five key quality105

dimensions: diverse, balanced, reasoning-oriented,106

challenging, and verifiable. Since each riddle de- 107

scribes a specific answer, the answer’s semantic 108

category determines the riddle’s thematic category, 109

enabling us to achieve these criteria through two 110

mechanisms: a riddle answer taxonomy (3 hierar- 111

chical levels, 5,466 answers) ensuring the first three 112

dimensions via category selection and popularity- 113

based entity selection; and a multi-agent iterative 114

refinement framework (Figure 2) ensuring the latter 115

two dimensions. We adopt reinforcement learning 116

with verifiable rewards (RLVR) (Guo et al., 2025; 117

Yu et al., 2025) to enhance models’ metaphor rea- 118

soning abilities. Experiments show that training on 119

only 3,444 metaphorical riddles improves reason- 120

ing in six out-of-distribution domains, demonstrat- 121

ing metaphor reasoning as a meta-reasoning ability 122

and revealing the importance of model scale and 123

domain alignment. 124

Overall, our contributions are as follows: (1) 125

We are the first to systematically study whether 126

metaphor reasoning can enhance models’ broader 127

reasoning abilities. (2) We propose a scalable 128

automated system for synthesizing metaphorical 129

riddles, enabling large-scale generation of high- 130

quality training data. (3) Through extensive ex- 131

periments, we demonstrate that metaphor reason- 132

ing functions as a meta-ability and provide inter- 133

pretable analysis of the underlying mechanisms. 134

2 Related Work 135

2.1 Metaphor Reasoning 136

Research on metaphor reasoning encompasses de- 137

tection (Li et al., 2024; Tian et al., 2024; Chen et al., 138

2024), generation (Chakrabarty et al., 2021; He 139
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et al., 2023a,b), and interpretation (He et al., 2022;140

Tong et al., 2024; Sanchez-Bayona and Agerri,141

2025), with applications in sentiment analysis (Li142

et al., 2022a), translation (Wang et al., 2024), jail-143

breaking (Yan et al., 2025), and word games (Xu144

and Zhong, 2025). Metaphor reasoning may en-145

hance general reasoning capabilities, as metaphors146

form the foundation of abstract reasoning (Lakoff147

and Johnson, 2024; Thibodeau and Boroditsky,148

2011; Khatin-Zadeh et al., 2022). While concep-149

tual metaphor-based prompting has shown promise150

to improve reasoning capabilities (Kramer, 2025),151

no prior work has investigated whether metaphor152

reasoning enhances model performance on estab-153

lished reasoning benchmarks.154

2.2 Metaphor and Riddle Reasoning155

Riddle reasoning datasets are typically collected156

from online sources and reformatted as question-157

answer (QA) questions (Lin et al., 2021; Jiang et al.,158

2024). Researchers have improved model perfor-159

mance through fine-tuning on QA datasets (Lin160

et al., 2021) and prompting techniques (Pana-161

giotopoulos et al., 2025), but have not examined162

whether riddle reasoning training enhances reason-163

ing capabilities in other domains.164

Figurative language is common in rid-165

dles (Zhang and Wan, 2022). Panagiotopoulos166

et al. (2025) highlights metaphors when re-167

constructing in-context riddles, improving168

riddle-solving performance. Le et al. (2025)169

incorporates novel metaphors in riddle generation170

to increase difficulty. However, no prior work has171

used riddles as a medium to study how metaphor172

reasoning affects other reasoning capabilities.173

2.3 Reinforcement Learning with Verifiable174

Rewards175

Reinforcement Learning with Verifiable Rewards176

(RLVR) leverages objective, verifiable metrics as177

reward signals, enabling models to exhibit ad-178

vanced deliberative thinking capabilities (Guo et al.,179

2025; Yu et al., 2025; Hu et al., 2025), such as180

planning and reflection, through extended reason-181

ing chains. This approach has proven effective for182

complex reasoning tasks (Seed et al., 2025; Team183

et al., 2025; Chen et al., 2025). However, no prior184

work has applied RLVR to metaphor reasoning.185

3 Task Formulation186

We formulate metaphorical riddle reasoning as187

a question-answering (QA) task. Formally, let188

Objects
3,440

Pheno-
mena
782

Abstract
Entities
1,244

Natural
Entities

Physical
Objects

Social
Entities

Mixed Origin
Regions

Natural
Phenomena

Social
Processes

Conceptual
Systems

Mental
States

Roles
Traits

organism

natural geographic object

architectural structure
vehicle

physical tool

clothing

home appliance

musical instrument

weapon

organization

group of people

food

material
drinkmedication

administrative territorial entity

meteorological phenomenon

biological process

disease

social process

creative work

ideology

academic discipline

software

mathematical concept

emotion
profession

Figure 3: The statistics of the Riddle Answer Taxonomy.

D = {(ei, ti)}|D|
i=1 denote a dataset of metaphor- 189

ical riddles, where each pair (e, t) consists of a 190

riddle e (which serves as the question) and its cor- 191

responding ground truth answer t. Given a riddle e, 192

the task is to predict the answer t̂ that matches the 193

ground truth t. An example is shown in Figure 2. 194

4 METAR 195

We propose METAR, an automated system for syn- 196

thesizing metaphorical riddles. We establish design 197

criteria for high-quality riddle datasets and present 198

mechanisms to achieve them. 199

4.1 Design Criteria 200

Our riddle dataset satisfies five quality dimen- 201

sions: (1) diverse, ensuring model generalization 202

across different domains; (2) balanced, avoiding 203

bias toward specific entity types; (3) reasoning- 204

oriented, requiring metaphorical reasoning rather 205

than knowledge retrieval; (4) challenging, incen- 206

tivizing models’ elaborate reasoning processes; 207

(5) verifiable, providing reliable supervision sig- 208

nals for subsequent training. 209

Following §3, the answer t is the target entity, 210

and the question (riddle) e is its metaphorical de- 211

scription. Since each riddle describes a specific an- 212

swer, the answer’s category determines the riddle’s 213

category. Hence, we achieve these criteria via two 214

mechanisms: the first three through answer taxon- 215

omy design with category and popularity-based en- 216

tity selection; the latter two through a multi-agent 217

iterative refinement framework. 218
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H1 H2 H3 Example
Answers

Objects Mixed
Origin

drink coffee, tea, milk,
beer

Objects Natural
Entities

natural geo-
graphic object

mountain, ocean,
valley, volcano

Phenomena Natural
Phenomena

astronomical
phenomenon

eclipse, meteor,
sunset

Phenomena Social
Processes

historical
event

battle, armistice,
ceasefire

Abstract
Entities

Conceptual
Systems

ideology nationalism,
conservatism,
fascism, feminism

Abstract
Entities

Roles social status citizen, prisoner,
slave, reputation

Table 1: Examples of riddle answers t organized by
taxonomic hierarchy.

4.2 Riddle Answer Taxonomy219

To achieve the criteria of diverse, balanced, and220

reasoning-oriented, we construct a three-level an-221

swer taxonomy (Hi for i ∈ {1, 2, 3}), with statis-222

tics in Figure 3 and examples in Table 11.223

Diverse Coverage. To partition entities into fun-224

damental categories at the top level H1, we adopt225

UFO (Guizzardi et al., 2022)’s foundational cat-226

egories: Material Object, Phenomenon, Abstract227

Entities. Since manually enumerating all relevant228

domain-specific subcategories would be impracti-229

cal, we use GPT-5 (OpenAI, 2025b)2 to generate230

second-level H2 categories. To ensure comprehen-231

sive coverage, we leverage Wikidata’s subclass-of232

relationship: for each h2 ∈ H2, we generate seeds233

Sh2 = {s1, s2, . . . , snh2
} where each seed s corre-234

sponds to a Wikidata Q-id Qs.235

Common Answers. To ensure reasoning-236

oriented criterion, we select common well-known237

entities, avoiding obscure answers that test238

knowledge rather than metaphor reasoning. For239

each seed s with Q-id Qs, we employ two-stage240

sorting: (1) retrieve candidates via subclass-of,241

sort by sitelinks (cross-language Wikipedia links),242

select top candidates as Cs; (2) then sort Cs by243

popularity using QRank3(Arora et al., 2024),244

ranking entities by Wikimedia page views.245

Quality Control and Taxonomic Balance. To246

ensure answer quality, we apply two filters: (1)247

1Please refer to Appendix A.1.4 for more examples.
2Specifically, the version of the adopted model is high

version of GPT-5-2025-08-17.
3https://qrank.toolforge.org/

Conciseness: remove entities with labels exceeding 248

2 words, as overly complex answers make it diffi- 249

cult to satisfy the verifiable criterion; (2) Quality 250

threshold: filter entities with sitelinks below thresh- 251

old τ , as they tend to be obscure. An entity x is 252

valid, Valid(x), if its label ≤ 2 words and sitelinks 253

> τ . To ensure balanced criterion, we allocate 254

fixed quota K to each h2 ∈ H2, uniformly dis- 255

tributed among seeds Sh2 . For h2 with nh2 seeds, 256

quota ks per seed s ∈ Sh2 is: 257

ks = min

(⌊
K

nh2

⌋
, |{x ∈ Cs : Valid(x)}|.

)
(1) 258

4.3 Riddle Generation 259

We design a multi-agent iterative refinement frame- 260

work to achieve challenging and verifiable crite- 261

ria. Figure 2 illustrates the framework. It takes 262

ground truth answers t ∈ T from the Riddle An- 263

swer Taxonomy and refines riddles through five 264

stages. The pseudocode can refer to Algorithm 1 in 265

Appendix A.1, and examples of generated riddles 266

are provided in Appendix A.1.4. 267

Stage 1: Riddle Draft Generation. To obtain 268

initial drafts, we require: (1) metaphorical lan- 269

guage obscuring the answer; (2) sufficient challeng- 270

ing through multi-layered metaphors. Our prompt 271

template (Table 4) includes: (1) example et demon- 272

strating metaphorical reasoning patterns; (2) Wiki- 273

data descriptions dt for t, providing contextual in- 274

formation. Formally, for t ∈ T , we generate draft 275

e(0) using model Mg: e(0) = Mg(t, et, dt). 276

Stage 2: Solvers’ Answer Collection. To pre- 277

pare for subsequent assessment stages, we collect 278

answers from a diverse set of solvers. We employ 279

solver setM = {M (1)
s ,M

(2)
s , . . . ,M

(k)
s }, where 280

each M
(i)
s ∈M represents different architectural 281

origins (model families, training paradigms) and 282

capability levels. To prevent bias, solvers must 283

be distinct from generator, reviewer, and reviser 284

models. Each M
(i)
s ∈ M independently gener- 285

ates answer ai ← M
(i)
s .Solve(e(r)) for draft e(r) 286

at round r, forming A(r) = {a1, a2, . . . , ak}. 287

Stage 3: Reviewer Assessment. To assess rid- 288

dle quality along verifiability and challengingness, 289

we employ two steps: (1) reviewer independently 290

evaluates each solver’s answer based solely on the 291

riddle, without ground truth access; (2) then, in- 292

dependent judgments are cross-validated against 293

ground truth to diagnose issues (excessive simplic- 294

ity, unsolvability, multiple solutions). 295
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Reviewer Independent Assessment. Reviewer296

Mr receives riddle e(r) and answer set A(r) =297

{a1, a2, . . . , ak} from Stage 2. For each ai ∈ A(r),298

reviewer evaluates correctness given only e(r),299

producing ci = Mr(ai, e
(r)) ∈ {0, 1}, yielding300

C(r) = {c1, c2, . . . , ck}.301

Reviewer Cross-Validation. A riddle is solv-302

able if at least one answer is judged correct and303

matches ground truth:304

Solvable(e(r), t) ⇐⇒ ∃i : (ci = 1) ∧ (ai = t) (2)305

For Pass (PASS) status, a riddle must satisfy: (1)306

Verifiable and (2) Challenging:307


Verifiable(e(r), t) ⇐⇒ Solvable(e(r), t)∧

¬(∃i : (ci = 1) ∧ (ai ̸= t))

Challenging(e(r), t) ⇐⇒ PassRate(e(r), t) ≥ θp

(3)308

where PassRate(e(r), t) is the rate of answers309

both judged correct and matching ground truth:310

PassRate(e(r), t) =
|{i : (ci = 1) ∧ (ai = t)}|

k
(4)311

Cross-validation yields four mutually exclusive312

outcomes: (1) Multiple Solutions (MULTI): at least313

one answer judged correct but ̸= t, indicating am-314

biguity; (2) Too Easy (EASY): all answers = t,315

indicating insufficient challenge; (3) Unsolvable316

(UNSOLV): no answer judged correct or no correct317

answer matches t, indicating excessive obscurity;318

(4) Pass (PASS): solvable and challenging, indicat-319

ing single unambiguous answer requiring genuine320

reasoning. Formally:321



MULTI(e(r), t) ⇐⇒ ∃i : (ci = 1) ∧ (ai ̸= t)

EASY(e(r), t) ⇐⇒ ∀i : ai = t

UNSOLV(e(r), t) ⇐⇒ ¬Solvable(e(r), t)

PASS(e(r), t) ⇐⇒ Verifiable(e(r), t)∧

Challenging(e(r), t)

(5)322

These four outcomes provide clear signals for323

the next refinement stage.324

Stage 4: Reviser Refinement. Reviser Mv re-325

fines problematic riddles based on Stage 3 out-326

comes, addressing ambiguity, insufficient chal-327

lenge, or unsolvability. Formally, given e(r) and328

outcome d(r) ∈ {MULTI,EASY,UNSOLV}, re-329

viser generates e(r+1) = Mv(e
(r), d(r)). Then, the330

refined riddle e(r+1) returns to Stage 2, establish-331

ing an iterative loop until PASS status or exceeding332

Rmax rounds.333
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Figure 4: The statistics of valid generated riddles. The
distribution of correct solver answer counts per riddle
(left) and the correctness of each riddle across different
solvers (right).
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Figure 5: The distribution of iteration counts per riddle
during generation.

Stage 5: Pass Rate Filter. We apply a final fil- 334

ter to ensure challengingness: only riddles with 335

PassRate(e(r), t) ≥ θp (Equation 4) are retained; 336

others are rejected. 337

Riddles passing all five stages are valid riddles, 338

forming well-verified reasoning tasks. We adopt 339

GPT-5 as generator, reviewer, and reviser4. With 340

regard to the solver set5, we adopt o1-mini (Ope- 341

nAI, 2024), Deepseek-R1 (Guo et al., 2025), GPT- 342

oss-120b (OpenAI, 2025a), GPT-4o (Hurst et al., 343

2024), GPT-4o-mini (Hurst et al., 2024), and o3- 344

mini (OpenAI, 2025c). Several parameters control 345

riddle difficulty: (1) Solver Set: stronger solvers 346

produce harder riddles; (2) Pass-rate Threshold: 347

lower thresholds produce harder riddles. Detailed 348

prompts and hyperparameter settings for each agent 349

can refer to Appendix A.1. 350

4.4 Riddle Statistics 351

Riddle Answer Taxonomy Statistics. Figure 3 352

presents taxonomy statistics: 5,466 riddle answers 353

demonstrating (1) diversity: 3 H1, 11 H2, 44 H3 354

categories; (2) balance: balanced H3 categories 355

under each H2. 356

Riddle Generation Statistics. Using six solvers, 357

we generated 3,444 valid riddles satisfying all five 358

4Specifically, the version of the adopted models are
medium version of GPT-5-2025-08-17.

5Specifically, the version of the adopted solvers are o1-
mini-2024-09-12, GPT-4o-2024-11-20, GPT-4o-mini-2024-
07-18
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quality dimensions6. Figure 4 (left) shows the dis-359

tribution of correct solver answer counts per rid-360

dle, indicating varying difficulty; median/mean sug-361

gest moderate overall difficulty. Figure 4 (right)362

shows solver performance: o1-mini perform the363

best while GPT-4o-mini perform the worst. Finally,364

Figure 5 shows iteration count distribution.365

5 Training Recipe366

We adopt the DAPO algorithm (Yu et al., 2025)367

for reinforcement learning with verifiable rewards368

(RLVR), which has demonstrated significant im-369

provements in reasoning (Guo et al., 2025; Yu et al.,370

2025). The loss function is:371

JDAPO(θ) = E(e,t)∼D,{oi}Gi=1∼πθold
(·|e)

[

1∑G
i=1 |oi|

G∑
i=1

|oi|∑
j=1

min
(
ri,j(θ)Âi,j ,

clip
(
ri,j(θ), 1− εlow, 1 + εhigh

)
Âi,j

)]
(6)372

where θ denotes model parameters, D is the373

training dataset, (e, t) is a riddle-answer pair, G374

is the group size, πθold is the old policy for im-375

portance sampling, oi is the i-th output sequence376

of length |oi|, ri,j(θ) = πθ(oi,j |e,oi,<j)
πθold (oi,j |e,oi,<j)

is the im-377

portance sampling ratio at position j, Âi,j is the378

advantage function, and εlow and εhigh are clipping379

parameters. DAPO’s dynamic sampling filters out380

groups with uniformly zero or maximum rewards,381

enabling effective and stable learning signals.382

The advantage function uses group normaliza-383

tion: Âi,j = Ri − R̄, where Ri ∈ {0, 1} is the384

reward for output i, and R̄ = 1
G

∑G
i=1Ri is the385

baseline. Since generated riddles are verifiable, re-386

wards are computed via exact match (1 if extracted387

answer matches ground truth, 0 otherwise).388

6 Experiments389

6.1 Experiment Setup390

Benchmark. To evaluate the impact of Metaphor391

Reasoning on reasoning abilities in other domains,392

we employ six categories of Out-of-Distribution393

(OOD) reasoning across 7 benchmarks: Logical394

Reasoning (Ma et al.; Chen et al., 2025); Common-395

sense Reasoning (Talmor et al., 2019); Natural Lan-396

guage Inference (Zellers et al., 2019); Math Rea-397

6The reduction from 5,466 answers to 3,444 riddles occurs
because some answers fail to generate qualifying riddles even
after Rmax refinement rounds and are thus discarded.

soning7; Science, Technology, Engineering, and 398

Mathematics (STEM) Reasoning (Rein et al.); Out- 399

of-Distribution (OOD) Riddle Reasoning (Lin et al., 400

2021). Detailed descriptions of each benchmark 401

are provided in Appendix A.2.1. 402

Backbones. We employ reasoning models as 403

the backbones for reinforcement learning (RL) 404

training, as these models have been pre-trained 405

with explicit reasoning capabilities that provide a 406

solid foundation for further enhancement through 407

metaphor reasoning (Guo et al., 2025). To com- 408

prehensively evaluate the generalization of our ap- 409

proach, we investigate models across different pa- 410

rameter scales and architectural generations, in- 411

cluding Qwen3-8B (Yang et al., 2025), Qwen3- 412

14B (Yang et al., 2025), and QwQ-32B (Team, 413

2025), which is a reasoning model training on 414

Qwen2.5-32B-instruct (Qwen et al., 2025). 415

The implementation details of training and eval- 416

uation are provided in Appendix A.2.2. 417

6.2 Experiment Results 418

Metaphor reasoning = Meta-reasoning?. Ac- 419

cording to Table 2, Metaphor reasoning can broadly 420

enhance the reasoning abilities of models across 421

diverse reasoning domains. Remarkably, training 422

on only 3,444 metaphorical riddles yields substan- 423

tial improvements across six out-of-distribution 424

reasoning domains, demonstrating the efficiency 425

and meta-reasoning nature of metaphor reason- 426

ing. This small-scale training dataset highlights 427

that metaphor reasoning functions as a meta-ability 428

that can be effectively transferred with minimal 429

data. First, QwQ-32B exhibits remarkable im- 430

provements across all six reasoning categories rel- 431

ative to its backbone. Also, models of differ- 432

ent scales and versions also demonstrate improve- 433

ments, further validating the generalization of our 434

approach. With regard to overall performance, 435

QwQ-32BMetaR surpasses significantly larger mod- 436

els such as DeepSeek-R1 (671B parameters), as 437

well as closed-source models such as GPT-4o. No- 438

tably, QwQ-32BMetaR outperforms GPT-oss-120B 439

on four benchmarks across reasoning domains. 440

Model Scale. Generalization depends critically 441

on model scale. QwQ-32B shows consistent im- 442

provements across all categories, while Qwen3- 443

14B exhibits selective gains with slight declines in 444

7https://artofproblemsolving.com/wiki/index.
php/AIME_Problems_and_Solutions
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Model

Math
Reasoning

STEM
Reasoning

Commonsense
Reasoning

NL
Inference Logical Reasoning

OOD Riddle
Reasoning

OverallAIME2024 GPQA CommonQA HellaSwag Enigmata KORBench RiddleSense

Closed-Source Models

GPT-4o-mini 9.8 42.4 83.4 85.0 10.6 43.2 82.1 50.9
GPT-4o 11.9 46.5 84.3 90.8 21.8 51.6 88.7 56.5
o1-mini 87.7 75.6 85.3 88.5 89.0 61.7 94.4 83.2
o3 89.5 83.1 87.2 93.7 92.7 64.2 95.3 86.5
GPT-5 93.7 89.4 88.0 92.9 89.4 67.2 94.1 87.8

Open-Source Models

Qwen3-8B 64.2 59.2 83.0 79.3 43.2 51.4 81.3 65.9
QwQ-32B 68.2 60.0 85.0 78.5 30.0 66.0 84.6 67.5
Qwen3-14B 69.0 63.3 84.2 86.7 44.5 56.2 85.2 69.9
DeepSeek-R1 77.4 69.2 69.9 85.1 49.8 62.8 79.2 70.3
GPT-oss-120B 78.9 71.2 84.4 83.1 87.5 63.6 90.6 79.9

Ours

Qwen3-8BMetaR 64.0-0.2% 56.0-3.2% 84.2+1.2% 81.2+1.9% 41.3-1.9% 51.4+0.0% 84.3+3.0% 66.1+0.3%

Qwen3-14BMetaR 68.9-0.1% 62.9-0.4% 84.6+0.4% 87.7+1.0% 51.8+7.3% 57.6+1.4% 88.3+3.1% 71.7+2.6%

QwQ-32BMetaR 74.4+6.2% 63.6+3.6% 86.1+1.1% 88.5+10.0% 40.3+10.3% 70.4+4.4% 91.4+6.8% 73.5+8.9%

Table 2: Main experimental results comparing baseline models and MetaR-enhanced models across different
reasoning tasks. The superscript differences represent changes relative to the backbone model.

Model AIME2024 GPQA CommonQA HellaSwag Enigmata KORBench RiddleSense Overall

Qwen3-14BMetaR 68.9 62.9 84.6 87.7 51.8 57.6 88.3 71.7
Qwen3-14BMetaR-DS 67.2-1.7% 63.0+0.1% 84.2-0.4% 86.2-1.5% 50.9-0.9% 55.6-2.0% 86.1-2.2% 69.8-1.9%

Qwen3-8BMetaR 64.0 56.0 84.2 81.2 41.3 51.4 84.3 66.1
Qwen3-8BMetaR-DS 58.5-5.5% 53.2-2.8% 83.6-0.6% 80.4-0.8% 42.3+1.0% 52.8+1.4% 83.7-0.6% 63.7-2.4%

Table 3: Dynamic ablation experimental results comparing MetaR models with and without dynamic reasoning.

Math and STEM. The 8B model shows limited gen-445

eralization, improving only in OOD riddle reason-446

ing, commonsense reasoning, and natural language447

inference. This scale-dependent pattern indicates448

that larger models better internalize and transfer449

metaphor reasoning strategies.450

Reasoning Domain. Metaphor reasoning train-451

ing exhibits differential effectiveness across rea-452

soning domains. As shown in Table 2, OOD rid-453

dle reasoning shows the strongest improvements454

across all model scales, while commonsense rea-455

soning and natural language inference also show456

consistent improvements. Math and STEM reason-457

ing show gains only in larger models, suggesting458

greater reliance on domain-specific knowledge.459

Training Recipe. Dynamic sampling is crucial460

for RL training. According to Table 3, removing461

dynamic sampling leads to performance degrada-462

tion across different domains. We analyze the un-463

derlying reasons as follows. First, as shown in464

Figure 6, dynamic sampling yields smoother re-465

ward curves. Second, dynamic sampling increases466

entropy, ensuring greater sampling diversity (Cui467
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Figure 6: The training dynamics of models with and
without dynamic sampling (indicated by “-DS”).

et al., 2025). Moreover, we found that dynamic 468

sampling produces shorter responses, improving 469

token efficiency (Luo et al., 2025) (Figure 7). 470

6.3 Analysis 471

We analyze the underlying mechanisms of 472

metaphor reasoning training on general reasoning 473

capabilities from two perspectives. 474

Reasoning Domain Similarity. To analyze why 475

generalization results vary across domains, we take 476

Qwen3-8B as an example and examine the outputs 477

7
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Figure 7: The average response length of models on the
test set across different training steps.
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Figure 8: Response similarity analysis across different
reasoning domains.

of the final model checkpoint on the training set and478

test sets from both embedding and vocabulary over-479

lap perspectives. First, we perform semantic simi-480

larity analysis using Principal Component Analysis481

(PCA) visualization (Abdi and Williams, 2010)8.482

According to Figure 8, RiddleSense responses are483

closest to the training set in the semantic embed-484

ding space, while AIME and GPQA responses are485

farthest, indicating that RiddleSense shares more486

similar reasoning patterns with the metaphor rea-487

soning training data. Also, we compute vocabulary488

overlap using Jaccard similarity (Jaccard, 1912)489

and Dice Coefficient (Dice, 1945), and according490

to Figure 9, the lexical patterns further validate this491

alignment. In conclusion, domains with aligned492

patterns benefit directly from metaphor reasoning493

training, while those requiring different approaches494

need larger model capacity to adapt.495

Reasoning Pattern Evolution. We analyze the496

top-10 words with the largest frequency increases497

after metaphor reasoning training (Figure 10).498

These words fall into three key categories: reflec-499

tion (e.g., “check”, “not”), perspective switching500

(e.g., “let’s”, “maybe”), and careful deliberation501

(e.g., “think”, “so”). This lexical shift demonstrates502

that metaphor reasoning training stimulates the503

model’s deep thinking capabilities.504

8Sentence-transformers embeddings (Reimers and
Gurevych, 2020) are used for semantic similarity analysis.
Component 1 and Component 2 capture the largest variance
in response embeddings for dimensionality reduction.
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Figure 9: Vocabulary overlap analysis across different
reasoning domains. The overlap score measures lexical
similarity. Higher scores indicate greater shared vocab-
ulary between domains.
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Figure 10: Top-10 increased words after metaphor rea-
soning training. K represents thousands. The counts are
based on the number of words separated by spaces.

7 Conclusion 505

We present the first systematic study of metaphor 506

reasoning’s impact on broader reasoning capabili- 507

ties in LLMs. We propose METAR, an automated 508

framework synthesizing high-quality metaphori- 509

cal riddles via answer taxonomy and multi-agent 510

refinement. Training on 3,444 metaphorical rid- 511

dles improves performance across six out-of- 512

distribution reasoning domains. 513

Despite using only riddle solving with thousands 514

of examples, our experiments demonstrate that 515

metaphor reasoning functions as a meta-reasoning 516

ability that transfers effectively with minimal data. 517

Our work offers an important perspective: rather 518

than developing task-specific solutions, we should 519

identify core meta-abilities that generalize across 520

diverse scenarios. Once properly trained, such 521

meta-abilities serve as powerful transferable skills, 522

reducing computational costs and data annotation 523

requirements. Future work will explore additional 524

task formulations beyond riddles to further investi- 525

gate metaphor reasoning’s transfer potential. 526
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Limitations527

While our work demonstrates the effectiveness528

of metaphor reasoning as a meta-reasoning abil-529

ity, several limitations should be acknowledged.530

First, despite our multi-agent iterative refinement531

framework, guaranteeing completely unique an-532

swers for every riddle remains challenging due533

to natural language ambiguity. However, our534

reviewer agent employs independent assessment535

and cross-validation (§4.3), ensuring only riddles536

passing the Verifiable criterion are included, with537

experimental results demonstrating effectiveness538

(Table 2). Second, while our evaluation cov-539

ers six reasoning categories across 7 benchmarks,540

important domains like causal or temporal rea-541

soning are excluded. However, our evaluation542

breadth—from abstract logical to concrete mathe-543

matical reasoning—provides strong evidence for544

the meta-reasoning nature. Finally, experiments545

are conducted exclusively on the Qwen family546

(Qwen3-8B, Qwen3-14B, QwQ-32B), though other547

architectures like Llama and DeepSeek (Guo et al.,548

2025) exist. However, comprehensive validation549

across different versions, parameter scales (8B,550

14B, 32B), and training paradigms provides robust551

evidence for generalization.552
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A Appendix832

A.1 Riddle Generation833

A.1.1 Riddle Generation Algorithm834

We formalize our multi-agent iterative refinement835

framework for riddle generation as Algorithm 1.836

A.1.2 Prompt Templates for Riddle837

Generation838

This section presents the prompt templates used839

in our multi-agent iterative refinement framework840

for riddle generation. Each stage of the framework841

employs a specialized prompt template to guide the842

language models in their respective roles.843

Table 4 shows the prompt template for Stage 1844

(Riddle Draft Generation), which guides the gen-845

erator to create metaphor-based riddles using the846

ground truth answer and its descriptions. The tem-847

plate variables are populated as follows (referring848

to Algorithm 1):849

1. {label}: The ground truth answer t ∈ T850

from the Riddle Answer Taxonomy, provided851

as input to the algorithm (line 11 in Algo-852

rithm 1).853

2. {descriptions}: The Wikidata descriptions854

dt for the ground truth answer, which pro-855

vide rich contextual information to enable the856

model to craft sophisticated metaphorical con-857

nections (line 11 in Algorithm 1).858

Table 5 shows the prompt template for Stage 2859

(Solver Answer Collection), which guides language860

models to solve riddles by analyzing metaphors861

and logical clues from multiple perspectives. The862

template variables are populated as follows:863

1. {riddle}: The current riddle draft e(r) at revi-864

sion round r, where e(0) is the initial draft gen-865

erated in Stage 1 (line 17 in Algorithm 1), and866

e(r) for r > 0 is the refined riddle from previ-867

ous revision rounds (line 65 in Algorithm 1).868

Table 6 shows the prompt template for Stage 3869

(Reviewer Assessment), which guides the reviewer870

to independently evaluate each solver’s answer871

based solely on the riddle itself, without access872

to the ground truth, thus avoiding bias caused by873

exposing the ground truth. The template variables874

are populated as follows:875

1. {riddle}: The current riddle draft e(r) being876

evaluated (line 31 in Algorithm 1).877

2. {solver_summary}: A formatted summary 878

of all solver answers from Stage 2, con- 879

structed from the answer set A(r) = 880

{a1, a2, . . . , ak} collected in lines 22-26 in 881

Algorithm 1, where each ai is generated by 882

solver M (i)
s ∈M. 883

Table 7 shows the prompt template for Stage 884

4 (Reviser Refinement), which guides the reviser 885

to refine problematic riddles based on diagnos- 886

tic outcomes from Stage 3, addressing ambiguity 887

(MULTI), insufficient challenge (EASY), or unsolv- 888

ability (UNSOLV). The template variables are popu- 889

lated as follows: 890

1. {riddle}: The previous riddle draft e(r−1) 891

that needs refinement (line 65 in Algorithm 1). 892

2. {groundtruth_answer}: The ground truth 893

answer t from the algorithm input (line 11 in 894

Algorithm 1). 895

3. {reviewer_feedback}: The diagnostic out- 896

come d(r−1) determined in Stage 3, which can 897

be MULTI (line 42 in Algorithm 1), EASY (line 898

44 in Algorithm 1), or UNSOLV (line 46 in Al- 899

gorithm 1), indicating the specific issue that 900

needs to be addressed. 901

4. {solver_feedback}: Information derived 902

from the solver answer set A(r−1) and cor- 903

rectness judgments C(r−1) collected in previ- 904

ous stages, providing additional context about 905

how different solvers interpreted the riddle 906

(line 48-52 in Algorithm 1). 907

A.1.3 Hyperparameters 908

We set the following hyperparameters in our riddle 909

generation pipeline: (1) Quality threshold τ = 910

20 for filtering entities with sitelinks below the 911

minimum threshold; (2) Taxonomic quota K = 912

1000 allocated to each second-level category; (3) 913

Maximum revision rounds Rmax = 10; (4) Pass- 914

rate threshold θp = 0.9. 915

A.1.4 Examples 916

Riddle Answer Examples. Table 8 presents ex- 917

amples of riddle answers organized by the hierar- 918

chical taxonomy structure (H1, H2, H3), demon- 919

strating the diversity of concepts, objects, and phe- 920

nomena covered in our dataset. 921

Riddle Examples. Tables 9 and 10 present ex- 922

ample riddles from different taxonomic categories, 923

demonstrating the diversity and quality of riddles 924

generated by our framework. 925
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A.2 Experimental Setup926

A.2.1 Benchmark Details927

To evaluate the impact of Metaphor Reasoning on928

reasoning abilities in other domains, we employ six929

categories of Out-of-Distribution (OOD) reason-930

ing across 7 benchmarks: (1) Logical Reasoning:931

KORBench (Ma et al.), a knowledge-orthogonal932

benchmark, and Enigmata (Chen et al., 2025), con-933

taining 36 puzzle reasoning tasks across seven cat-934

egories; (2) Commonsense Reasoning: Common-935

senseQA (Talmor et al., 2019), which tests the abil-936

ity to reason about everyday situations and world937

knowledge; (3) Natural Language Inference: Hel-938

laSwag (Zellers et al., 2019), which requires infer-939

ring the most plausible next situation based on con-940

text; (4) Math Reasoning: American Invitational941

Mathematics Examination (AIME) 20249, contain-942

ing challenging problems from mathematical com-943

petitions; (5) Science, Technology, Engineering,944

and Mathematics (STEM) Reasoning: GPQA Dia-945

mond (Rein et al.), a graduate-level science test; (6)946

Out-of-Distribution (OOD) Riddle Reasoning: Rid-947

dleSense (Lin et al., 2021), a collection of manually948

curated riddles in multiple-choice format.949

A.2.2 Implementation Details950

Training Details. We implement DAPO training951

using the verl framework (volcengine, 2025), a scal-952

able reinforcement learning system for large lan-953

guage models. DAPO (Yu et al., 2025) is a variant954

of GRPO (Shao et al., 2024) that employs group-955

based advantage normalization and asymmetric956

policy clipping for stable reinforcement learning957

with verifiable rewards. Unlike traditional PPO-958

based methods, DAPO does not require a critic959

network and computes advantages directly from960

group-normalized rewards within each group of961

generated outputs. All hyperparameters used in our962

experiments are summarized in Table 11.963

Evaluation Details. To ensure sufficient training964

signal and stable learning, we employ dataset rep-965

etition during training. Each dataset is repeated966

multiple times to balance the representation of dif-967

ferent reasoning domains. Specifically, the repeti-968

tion counts for each dataset are as follows: AIME is969

repeated 32 times, GPQA_RuleVerifier is repeated970

16 times, and all other datasets are repeated 3 times.971

All results reported in this paper are statistically972

significant with p < 0.001.973

9https://artofproblemsolving.com/wiki/index.
php/AIME_Problems_and_Solutions

Algorithm 1: Riddle Generation via
Solvers-Reviewer-Reviser Workflow

Input: Ground truth answer t ∈ T from Riddle
Answer Taxonomy T ; Solver set
M = {M (1)

s ,M
(2)
s , ...,M

(k)
s }; Reviewer

Mr; Reviser Mv; Generator Mg; Example et;
Descriptions dt; Maximum revision rounds
Rmax; Pass-rate threshold θp.

Output: Final riddle e(r) or REJECTED.
// Stage 1: Riddle Draft Generation

e(0) ←Mg(t, et, dt)
r ← 0
while r < Rmax do

// Stage 2: Solver Answer Collection

A(r) ← {}
for M

(i)
s ∈M do

ai ←M
(i)
s .Solve(e(r))

A(r).add(ai)

// Stage 3: Reviewer Assessment

C(r) ← {}
for ai ∈ A(r) do

ci ←Mr(ai, e
(r)) ∈ {0, 1}

C(r).add(ci)

pass_rate← |{i:(ci=1)∧(ai=t)}|
k

solvable← ∃i : (ci = 1) ∧ (ai = t)
verifiable← solvable ∧ ¬(∃i : (ci =
1) ∧ (ai ̸= t))

challenging← (pass_rate ≥ θp)
// Determine diagnostic outcome
if ∃i : (ci = 1) ∧ (ai ̸= t) then

d(r) ← MULTI

else if ∀i : ai = t then
d(r) ← EASY

else if ¬solvable then
d(r) ← UNSOLV

else if verifiable ∧ challenging then
d(r) ← PASS

// Stage 5: Pass Rate Filter

if d(r) = PASS then
return e(r)

// Stage 4: Reviser Refinement

if d(r) = MULTI then
revision_type← “clarify ambiguity”

else if d(r) = EASY then
revision_type← “increase challenge”

else if d(r) = UNSOLV then
revision_type← “address unsolvability”

r ← r + 1

e(r) ←Mv(e
(r−1), d(r−1))

return REJECTED
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Prompt for Riddle Draft Generation

You are an expert riddle creator specializing in crafting challenging, metaphor-based puzzles that test advanced reasoning
abilities.

Background
Riddles achieve their mystique by using metaphors to obscure the answer (A) through comparisons to seemingly unrelated
objects (B, C, D), creating an atmosphere of mystery and intrigue.
Example:

• Riddle: “I am a fortress with no doors, a treasure chest with golden stores.”

• Answer: An egg

• Analysis: The “fortress” and “treasure chest” serve as metaphors for the egg. The shell resembles a sturdy “fortress,”
while the yolk represents the golden “treasure.”

Task
Please generate a riddle using the following label as the answer. I have provided extensive information that you can use to
design your riddle. Ensure there is no obvious information leakage—the riddle should be as cryptic as possible through the
use of metaphors.
The answer of the riddle:
{label}
Description:
{descriptions}

Requirements:

• Use metaphorical language to obscure the answer

• Avoid direct information leakage

• Create a challenging, multi-layered puzzle

• Consider nested metaphors for increased difficulty

• Ensure the riddle tests genuine reasoning abilities

Output Format
Please wrap your riddle in the following XML tags:
<riddle>Your riddle here</riddle>

Table 4: The prompt template used for riddle draft generation in Stage 1. The template guides the language model
to create metaphor-based riddles using the ground truth answer and its descriptions.
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Prompt for Solver Answer Collection

You are an expert riddle solver with deep knowledge and strong logical reasoning skills. You have the ability to analyze
complex riddles from multiple perspectives and angles.

When solving the given riddle, please:

• Think broadly and explore various possible answers from different dimensions

• Identify and analyze key words, metaphors, and logical clues in the riddle

• Synthesize all possibilities and select the most fitting and elegant answer

• Present only your final answer as the conclusion

Please enclose your answer within <answer></answer> tags.

Riddle:
{riddle}

Table 5: The prompt template used for solver answer collection in Stage 2. The template guides language models to
solve riddles by analyzing metaphors and logical clues from multiple perspectives.

Prompt for Reviewer Assessment

You are a senior puzzle editor evaluating whether proposed answers correctly solve a riddle. Judge each answer based
solely on the riddle text, independent of any groundtruth answer.

Riddle:
{riddle}

Solver responses:
{solver_summary}

Instructions:
For each answer provided, analyze and judge whether it correctly solves the riddle:

1. Explain your reasoning: Evaluate how well the answer fits the riddle constraints, clues, and requirements.

2. Determine correctness: Based on your reasoning, decide if the answer is correct or incorrect.

3. Note that answers can be: all correct, all incorrect, or a mix of both.

4. If the riddle has ambiguities or multiple valid interpretations, explicitly note them.

Return your judgments using ONLY the per-solver tagged format below. Preserve the solver order from the summary and
emit no extra narration.

<solver solver_id="solver_precise">
<answer>the solver’s final answer</answer>
<analysis>concise single-line justification</analysis>
<correctness>true</correctness>
</solver>

Formatting requirements:

• Use lowercase true or false inside <correctness>.

• Keep each <analysis> on one line; replace newlines with spaces.

• Include exactly one <solver> block for every solver shown in the summary.

• Do not add any other tags or text outside the solver blocks.

Table 6: The prompt template used for reviewer assessment in Stage 3. The template guides the reviewer to
independently evaluate each solver’s answer based solely on the riddle itself, without access to the ground truth,
thus avoiding bias caused by exposing the ground truth.
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Prompt for Reviser Refinement

You are an expert riddle editor. Given an existing riddle and editorial feedback, produce a revised riddle that preserves the
original mystery while ensuring only the groundtruth answer fits.

Old Riddle
{riddle}

Groundtruth Answer
{groundtruth_answer}

Reviewer Feedback
{reviewer_feedback}

Solver Feedback
{solver_feedback}

Task
Write a brand-new riddle that resolves the reviewer feedback, avoids leaking the groundtruth answer directly, and keeps a
comparable difficulty level.

Return only the revised riddle wrapped exactly in <riddle></riddle> tags with no extra commentary.

Table 7: The prompt template used for reviser refinement in Stage 4. The template guides the reviser to refine
problematic riddles based on diagnostic outcomes from Stage 3, addressing ambiguity (MULTI), insufficient challenge
(EASY), or unsolvability (UNSOLV).
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H1 H2 H3 Example of Riddle Answers

Abstract
Entities

Conceptual
Systems

ideology nationalism, conservatism, fascism, feminism

Abstract
Entities

Conceptual
Systems

mathematical
concept

area, volume, length, height

Abstract
Entities

Roles social status citizen, prisoner, slave, reputation

Abstract
Entities

Traits personality trait curiosity, geek, cardinal virtues

Objects Mixed
Origin

drink coffee, tea, milk, beer

Objects Mixed
Origin

food bread, rice, apple, pizza

Objects Natural
Entities

natural geo-
graphic object

mountain, ocean, valley, volcano

Objects Physical
Objects

architectural
structure

house, building, bridge, road

Objects Physical
Objects

clothing dress, hat, trousers, jeans

Objects Physical
Objects

home appliance refrigerator, washing machine, mobile phone, desktop computer

Objects Physical
Objects

musical instru-
ment

guitar, violin, drum, flute

Objects Physical
Objects

weapon sword, rifle, pistol, firearm

Objects Regions administrative
territorial entity

country, state, province, county

Objects Regions city metropolis, big city, capital city, global city

Objects Regions country empire, sovereign state, nation state, developing country

Objects Social
Entities

educational in-
stitution

school, university, college, kindergarten

Objects Social
Entities

organization company, government, army, religion

Objects Social
Entities

political party communist party, green party, big tent

Phenomena Natural
Phenomena

astronomical
phenomenon

eclipse, meteor, sunset, solar eclipse

Phenomena Natural
Phenomena

disease cancer, diabetes, asthma, influenza

Phenomena Natural
Phenomena

meteorological
phenomenon

rain, snow, storm, thunder

Phenomena Natural
Phenomena

natural disaster earthquake, flood, tsunami, avalanche

Phenomena Natural
Phenomena

season spring, summer, autumn, winter

Phenomena Social
Processes

historical event battle, armistice, ceasefire

Phenomena Social
Processes

public election general election, presidential election

Phenomena Social
Processes

social process education, migration, revolution, reform

Table 8: Example of Riddle Answers organized by taxonomic hierarchy.
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H1 H2 H3 Riddle
Answer

Riddle

Objects Mixed
Origin

Food Banana I am a crescent wrought by a moonsmith, sheathed in a cloak with three long
seams. My choir hangs like a chandelier near the ceiling of a giant
that is grass yet mimics a tree.
As days pass, night-dust freckles my garment;
the bread in my heart turns slowly into honey.
By the scholars’ ledger I am called a berry, though my beads are ghosts
and I’m born without a wedding.
Some of my kin must learn the language of fire
before their song becomes sweet.
What am I?

Objects Social
Entities

Organization College A learning village rings its hours by a tower; paths braid toward a central green.
Porches don Greek in the swift season of choosing;
whispers and handclasps bind those lettered doors.
Three wardens tend my thresholds: one keeps the purse, one the rolls and times,
one the yes-or-no.
At a bell’s strike, blue books bloom; hush gathers while credits accrue by the
hour. Some houses send you off in two winters with short initials;
others keep you four for the longer pair.
My kin answer to surnames like Community, Junior, and Liberal Arts;
crisp Saturdays drum my name across the field.
Between red margin and blue lines, the ruling bears my title;
a numbered plan—five-two-nine—saves toward me by name.
Here, they say they’re going to me; across the sea, they go to “uni.”
When tassels turn, AA, AS, BA, or BS trail your name;
taller hoods are seldom cut beneath my roof.
And when grit must do, they urge the old try that carries my name.
What am I?

Objects Physical
Objects

Clothing Jeans I am a night-skinned map that brightens where the world keeps touching me.
Two hollow roads run my length—pilgrims stand inside me to meet the ground.
My edges wear paired scars, and the mouths of my caves are pinned
by tiny copper suns that do not set.
Within one cavern, a smaller echo hides—fit for a spark, a coin, a whisper.
My front can grin with tempered teeth, then hush with a single cold kiss.
Five mute moons circle my crown to leash a tamed serpent.
Born to wrestle grit and gravel, I learned the manners of parlors,
yet I never forgot the language of dust.
Name me.

Phenomena Natural
Phenomena

Disease Vaccine I was christened with a pastoral echo, though I graze nowhere.
I knock at the cistern before the siege; I mend no wounds—I drill the watch.
I come disguised: a ghost of the raider, a splinter, or a rumor written in letters.
I travel with winter as escort; through a small hill of flesh I pin my notice.
At times I hid in sweetness; at others I rode a breeze to the gate.
I hire no mercenaries; I teach your forgemasters to cast their own steel
and keep the plans.
Rehearsals ring by appointment; the red river’s numbers speak of my lesson.
My stamped trail opens ports and halls; batch marks and dates betray my path.
When true banners rise, the city answers at once, already sure.

Table 9: Example riddles from different taxonomic categories (Part 1 of 2).
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H1 H2 H3 Riddle
Answer

Riddle

Phenomena Social
Processes

Social
Process

Middle
Ages

My gate is the hinge between marble courts and untested mirrors.
I woke when the western eagle’s colors bled from its robe.
Deep stone forests rose; praying boughs caught wind and brewed saints in light.
Debt sworn on steel parceled fields; bread bowed to blade and altar.
Lamplight tillers of parchment sowed letters;
iron tongues weighed the hours.
Empty fairs were counted by a pale collector;
earth, silk, and incense ate together.
Across seals and hands, towns bought voices;
shells and crosses stitched roads to hungry shrines.
Grain of thunder humbled glittering mail;
a lodestone taught keels to speak straight.
Etched metal whispered more words than throats;
halls knotted three above four beneath contentious roofs.
Speak me plain—ten letters and a gap; no herald walks before my name.

Abstract
Entities

Roles Social
Status

Reputation I am the foreword they read before your mouth writes a line.
I am woven from footprints on days now dry;
the weavers are not on your payroll.
Parliament and notaries may declare me anew, yet their stamps pass through me.
Scales quarrel with digits and calm at a sigh; light air edits my measure.
I unlatch iron paths and make velvet doors grow thorns
with no hand upon a bolt.
I leave a colorless patina; baths and polish do nothing.
Your mirror will not find me; their memory will;
a shaped tale can bruise me while your truth stands.
A crown hoards me in silence; a fool spends me with a grin and wakes to poverty.
A syllable can split me; a decade can stitch me; I refuse pockets.
I may be born of roofs you never raised
and die for nights you never lived.
Marks, brands, and charters pretend to leash me;
merchants hire keepers to herd my smoke.
No ledger numbers me, yet prices bow when I swell or sink.
In rooms you enter, the air has already chosen its lean;
I set the chairs.

Abstract
Entities

Traits Personal
Trait

Geek In crowded rooms I dodge the clink of shallow glasses,
choosing one tick, one topic, to tune until it sings.
I string stray facts like LEDs on a midnight cable,
small sparks others swept from the floor.
The name they stuck on me first pricked like a burr—
I hammered it flat into a badge I wear at cons.
Under sawdust lights a lifetime ago it meant a sideshow,
a tent-oddity with a chicken and a crowd.
Now it powers squads that come to mend your screens,
and turns verb when joy makes me explain.
Not Greek, though many write me so;
my middle peers through twin lenses.
What word am I?

Table 10: Example riddles from different taxonomic categories (Part 2 of 2).
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Hyperparameter Value

Training Framework verl (volcengine, 2025)

Train Batch Size 256
Mini Batch Size 256
Group Size (G, num_bon) 16
Input Length 2K
Response Length 32K

Training Steps
QwQ-32B 125
Qwen3-14B 130
Qwen3-8B 120

Actor Learning Rate 1× 10−6

Clip Ratio (εlow / εhigh) 0.28 / 0.2
KL Coefficient 0.0

Number of GPUs
QwQ-32B 256 A100
Qwen3-14B 64 A100
Qwen3-8B 64 A100

Table 11: DAPO training hyperparameters for different
model scales. Note that K denotes thousands of tokens.

20


	Introduction
	Related Work
	Metaphor Reasoning
	Metaphor and Riddle Reasoning
	Reinforcement Learning with Verifiable Rewards

	Task Formulation
	Metar
	Design Criteria
	Riddle Answer Taxonomy
	Riddle Generation
	Riddle Statistics

	Training Recipe
	Experiments
	Experiment Setup
	Experiment Results
	Analysis

	Conclusion
	Appendix
	Riddle Generation
	Riddle Generation Algorithm
	Prompt Templates for Riddle Generation
	Hyperparameters
	Examples

	Experimental Setup
	Benchmark Details
	Implementation Details



