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Abstract001

Large reasoning models (LRMs) already pos-002
sess a latent capacity for long chain-of-thought003
reasoning. Prior work has shown that outcome-004
based reinforcement learning (RL) can in-005
cidentally elicit advanced reasoning behav-006
iors such as self-correction, backtracking, and007
verification–phenomena often referred to as the008
model’s “aha moment”. However, the timing009
and consistency of these emergent behaviors010
remain unpredictable and uncontrollable, lim-011
iting the scalability and reliability of LRMs’012
reasoning capabilities. To address these limita-013
tions, we move beyond reliance on prompts and014
unpredictable “aha moments”. Instead, we ex-015
plicitly align models with three meta-abilities:016
deduction, induction, and abduction, using017
automatically generated, self-verifiable tasks.018
Our three-stage pipeline (individual alignment,019
parameter-space merging, domain-specific re-020
inforcement learning) boosts performance by021
over 10% relative to instruction-tuned base-022
lines. Furthermore, domain-specific RL from023
the aligned checkpoint yields an additional gain024
in performance ceiling for both 7B and 32B025
models across math, coding, and science bench-026
marks, showing that explicit meta-ability align-027
ment offers a scalable and dependable founda-028
tion for reasoning. Code and data can be found029
in Software and Data part in submission page.030

1 Introduction031

Large reasoning models, including OpenAI-o1032

(Jaech et al., 2024), o3 (OpenAI, 2025), DeepSeek-033

R1 (Guo et al., 2025), Grok 3.5 (xAI, 2025), and034

Gemini 2.5 Pro (DeepMind, 2024), have demon-035

strated remarkable capabilities. These models excel036

at generating long Chain-of-Thought (CoT) (Wei037

et al., 2022) responses when tackling complex tasks038

and exhibit advanced, reflection-like reasoning be-039

haviors. Recently, DeepSeek-R1 has shown that,040

starting from pretrained base or instruction-tuned041

models, pure reinforcement learning (RL) with042

rule-based rewards can spontaneously lead to the 043

emergence of long CoT reasoning, self-correction, 044

self-reflection, and other advanced behaviors, col- 045

lectively referred to as the “aha moment”. An “aha 046

moment” is usually defined as after a few steps 047

where the model exhibits a sudden performance 048

surge and emergency of reasoning behaviors. Other 049

open-source works, such as SimpleRL-Zoo (Zeng 050

et al., 2025), tinyzero (Pan et al., 2025), and Logic- 051

RL (Xie et al., 2025), which attempt to reproduce 052

R1’s performance and technical details, have also 053

observed similar aha moments. These behaviors, 054

such as self-correction, self-verification, and back- 055

tracking, signal the model’s internal experience of 056

strong reasoning ability. 057

However, relying solely on emergent behaviors 058

is inherently unreliable and difficult to control. 059

Models may fail to consistently manifest these ad- 060

vanced reasoning schemes, which limits both the 061

predictability and scalability of LLM-based reason- 062

ing. To overcome this, we propose to explicitly 063

align LLMs with three domain-general reasoning 064

meta-abilities: deduction, induction, and abduc- 065

tion, drawn from Peirce’s classical inference triad 066

(Peirce, 1931). 067

As Figure 1 demonstrated, deduction infers spe- 068

cific outcomes from general rules and hypothe- 069

ses (H + R → O), enabling rigorous prediction 070

and verification. Induction abstracts rules from re- 071

peated co-occurrences (H +O → R), facilitating 072

pattern discovery and generalization. Abduction 073

infers the most plausible explanation for surprising 074

observations (O + R → H), promoting creative 075

and backward reasoning. Together, they form a 076

closed inferential loop for hypothesis generation, 077

testing, and revision, mirroring scientific method 078

and supporting robust and interpretable reasoning. 079

To operationalize these meta-abilities, we con- 080

struct a task suite with programmatically generated 081

instances and automatic verifiability. Each task tar- 082

gets one core reasoning mode: Deduction: Proposi- 083
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Figure 1: A closed H–R–O inferential loop

tional satisfiability tasks use rule sets R and candi-084

date hypotheses H to test if all premises entail the085

observation O. Induction: Masked-sequence com-086

pletion requires models to infer latent rules R from087

partial inputs H,O. Abduction: Inverse rule-graph088

search backchains from observed consequences O089

through a rule graph R to infer the minimal ex-090

planatory H . These tasks are constructed from091

synthetic distributions that lie out-of-distribution092

relative to common pretraining corpora, ensuring093

that gains reflect genuine meta-ability acquisition094

rather than memorization or shortcut exploitation.095

We observe that models aligned to individual096

meta-abilities make complementary errors. Ag-097

gregating their predictions raises overall accuracy098

by more than 10% relative to a vanilla instruction-099

tuned baseline. To incorporate the three compe-100

tencies into a single network, Rather than train-101

ing the model on a mixed task corpus, we utilize102

parameter-space model merging to integrate these103

meta-abilities. Parameter-space merging lifts av-104

erage accuracy by around 2% at 7B and about 4%105

at 32B over the instruct baseline, and by 16.3%106

over the 7B Base model, showing strong gener-107

alization of merged meta-abilities. Additionally,108

Our approach triggers a performance surge and109

emergent reasoning in around 25 iterations (400 ex-110

amples), offering more control and efficiency than111

other methods. More details will be elaborated in112

Section 5.1 and 5.3.113

Furthermore, to evaluate whether meta-ability114

alignment offers a stronger foundation for subse-115

quent learning, we resumed domain-specific RL116

training from a checkpoint that had already been117

aligned and compared it with the same procedure118

applied to an instruction-tuned model. Starting119

from the meta-ability checkpoint raises the attain-120

able performance ceiling: after identical continual121

domain-specific RL training, the model achieves an122

average gain of about 2% over its instruction-only 123

counterpart. Our key contributions are as follows: 124

• Task suite for meta-abilities. We introduce a 125

novel RL task suite aligned with three classical 126

meta-abilities: deduction, induction, and ab- 127

duction, each constructed to train and validate 128

domain-general reasoning skills in LLMs. 129

• Recipe for reasoning mastery. We propose 130

a three-stage recipe: (1) independently align 131

models to each meta-ability; (2) merge them via 132

parameter-space integration; (3) fine-tune with 133

domain-specific RL. This leads to improved 134

generalization and downstream task accuracy. 135

• Upper-bound boost and scalability. We em- 136

pirically demonstrate that meta-ability align- 137

ment raises the performance ceiling: our 7B 138

and 32B models show consistent gains over 139

instruction-tuned and base model baselines, 140

across math, coding, and science benchmarks. 141

2 Related Work 142

RL-Driven Emergence of Reasoning Abilities. 143

Recent studies show that direct RL post-training 144

can unlock long chain-of-thought reasoning be- 145

yond what supervised fine-tuning achieves (Zeng 146

et al., 2025; Xiong et al., 2025; Guo et al., 2025). 147

SimpleRL-Zoo (Zeng et al., 2025) proposes a zero- 148

RL recipe using rule-based rewards, boosting math 149

reasoning accuracy and inducing cognitive behav- 150

iors like self-verification across diverse base mod- 151

els. DeepSeek-R1 (Guo et al., 2025) extends this 152

idea to large-scale training. Its public replications, 153

Light-R1 (Wen et al., 2025), Open-R1 (Face, 2025), 154

and the minimal-cost TinyZero (Pan et al., 2025), 155

confirm that curriculum schedules, DPO warm- 156

up, and carefully shaped length rewards together 157

yield stronger logical accuracy while keeping com- 158

pute affordable. Complementary to these general 159

pipelines, Logic-RL (Xie et al., 2025) applies rule- 160

conditioned reinforcement learning to synthetic 161

Knights-and-Knaves puzzles, Enabling transferable 162

logical reasoning for math tasks. Together, these 163

works establish RL as a viable path to large reason- 164

ing models. 165

Advanced reasoning ability. In addition to en- 166

hancing long-chain reasoning through RL, recent 167

work investigates specific reasoning skills such 168

as self-correction, counterfactual inference, self- 169

verification and others. Chen et al. (2024) enhances 170
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 Thinking: 
The sequence 0, 0, 0, 1, 2, 0, –2, 
? yields differences 0, 0, 1, 1, –2, 
–2, –2. I spot that each delta 
repeats twice in a row (pattern 
abstraction manifested). From 
that I generalize “every difference 
comes in pairs,” so the next Δ
should be –2 again, giving –4 + (–
2) = –6 (generalization).

Q: Given the following 

sequence, [0, 0, 0, 1, 2, 0, 

?]. What is the value at the 
question mark? 

INDUCTION

 Thinking: 
Start with every atom = False. Φ₁
evaluates to False, so flip K := 
True to fix the consequent 
(hypothesis proposal).
Re-check: Φ₁ is now True, but Φ₂
fails because (B  K) is False. 
Flip B := True; contradiction 
resolved (self-correction).

Q: Determine whether a single truth 
assignment exists to satisfy **all** 
of these formulas: 
1. (((¬(¬B  ¬D)  (¬L ∧ ¬G)  (B ⊕ 
H)) → (¬(¬L ⊕ G) ⊕ L ⊕ ¬K)) ∨ … ) 
2. ¬¬(((B  K) → (¬G ⊕ ¬L)) ∧ … ) 3-
5. [3 more nested clauses]

DEDUCTION 

 Thinking: 
H is observed, and the only rule 
for H is “Q ∧ X → H.” X is already 
true, so I reverse-chain to seek Q 
(reverse thinking). Q itself 
comes from “R ∧ B → Q,” neither 
known, so I assume R = True and 
B = True and propagate back 
through the rules (backward 
reasoning).

ABDUCTION 

Q: Premises (excerpt), (P ∧ A)   → 
F, (E ∧ R)   → X, (F ∧ Q)   → X, (Q ∧ H)   
→ E, (Q ∧ X)   → H … (7 more). 
Observed facts X, H; Goal P. 
Analysis reachability of goal.

Figure 2: Meta-Ability Alignment Task Example and Corresponding Thought Process

overall reasoning performance by training models171

to reason both forward and backward, demonstrat-172

ing that reverse-thinking objectives can improve173

forward reasoning as well. Kumar et al. (2024)174

proposes SCoRe, an online RL method where a175

model iteratively critiques and improves its own an-176

swers, bridging the offline self-correction gap. Sev-177

eral recent studies also focus on equipping LLMs178

with self-verification and self-correction abilities,179

including ProCo (Wu et al., 2024), S2R (Ma et al.,180

2025), and SETS (Chen et al., 2025).181

Investigation of Aha-moment. RL pipelines often182

show sudden accuracy jumps. Some concurrent183

analyses aim to uncover the internal “aha” mo-184

ments that precede them. Gandhi et al. (2025) intro-185

duces four reasoning behaviors as diagnostic tools186

to explain and engineer models’ capacity for self-187

improvement under reinforcement learning. Yang188

et al. (2025) shows that “aha moments” emerge189

through anthropomorphic language, uncertainty ad-190

justment, and latent-space shifts, helping models191

avoid reasoning collapse and adapt to problem dif-192

ficulty. Additionally, Zhou et al. (2025) shows that193

similar emergence occurs in a 2B vision–language194

model without supervised warm-up.195

3 Methodology196

3.1 Task Design for Meta-Abilities Alignment197

We design three reasoning tasks, each of which in-198

volves inferring one element: hypothesis (H), rules199

(R), or observation (O), given the other two. In200

deduction (H + R ⇒ O), the model is given a201

set of logical rules R and a candidate truth assign-202

ment H as hypothesis, and must verify whether203

the overall observation O (i.e., all formulas be-204

ing true) follows, formulated as a propositional 205

satisfiability task. In induction (H + O ⇒ R), 206

the model is provided with observable items O 207

and incomplete inputs H (e.g., masked tokens or 208

implied guesses), and must abstract the underly- 209

ing generative rule R to correctly complete the 210

sequence, framed as a masked-sequence comple- 211

tion task. In abduction (O+R⇒ H), the model is 212

given observations O and a rule graph R, and must 213

trace backward to recover the minimal set of hid- 214

den assumptions H that can logically explain the 215

conclusion, posed as a reverse rule-graph search 216

task. This design follows a strict two-known-one- 217

infer schema, clearly ensuring a clean separation 218

of reasoning types, and reformulates all tasks into 219

a unified (H,R,O) triplet format. This enables con- 220

sistent, comparable, and complementary training 221

signals, systematically equipping the model with 222

a full range of meta-reasoning capabilities. As il- 223

lustrated in Figure 3, each instance is produced by 224

an automated Generator and screened by a Verifier, 225

yielding large-scale, self-checked training data en- 226

tirely free of manual annotation. The pseudo code 227

for data synthesis and additional task examples are 228

provided in Appendix A. 229

Deduction. As the example shown in Figure 2, 230

we pose task that present a concise cluster of 231

nested propositional clauses involving the standard 232

Boolean operators NOT, AND, OR, IMPLIES, IFF, 233

and XOR; the model must either return a satis- 234

fying truth assignment or report that the clauses 235

are unsatisfiable. The task poses a combinatorial 236

explosion of possible variable assignments, with 237

tightly coupled logical formulas such that the value 238

of one variable may indirectly constrain or deter- 239
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Task Type

Generator

Verifier

Math

Coding

Science

Deduction
(propositional satisfiability)

Abduction
(reverse rule-graph search)

Induction
(masked-sequence completion)

Data

Stage B: Parameter-
Space  Merging

Stage A: Meta-Abilities Alignment Stage C: Domain-
Specific RL

Figure 3: Overview of the three-stage pipeline: align deduction, induction, and abduction specialists, merge them in
parameter space, and continually RL-adapt the unified model to downstream domains.

mine the values of many others through chains of240

logical dependencies. This interdependence ren-241

ders purely enumerative or heuristically guessed242

assignments overwhelmingly unlikely to satisfy all243

constraints. The only tractable approach is to begin244

with a provisional assignment, treat each formula245

as a logical premise, systematically derive its conse-246

quences, identify any resulting contradictions, and247

revise the assignment accordingly. This iterative248

loop of hypothesis generation, logical consequence249

propagation, empirical inconsistency detection, and250

corrective refinement directly instantiates the core251

structure of deductive reasoning.252

Induction. To develop inductive reasoning capabil-253

ities in models, we design a task for automatically-254

generated sequence with hidden terms. Each in-255

stance presents a series of elements following an256

undisclosed pattern (including numeric reasoning,257

symbolic patterns, and multi-step operation cycles)258

and requires identification of a missing element.259

This methodology specifically targets induction as260

the model must extract the underlying regularity261

governing the visible sequence and apply it to pre-262

dict unseen values. Inductive learning through such263

structured sequences enhances the model’s funda-264

mental capabilities in abstraction and generaliza-265

tion, which are essential components for robust266

reasoning across domains. We also provide the ex-267

ample in Figure 2 about induction task and ability268

behavior for better explanation.269

Abduction. To cultivate backward reasoning abil-270

ity, we introduce a reverse rule-graph search task in271

which forward inference is deliberately obstructed272

while backward inference remains efficient. Each273

instance is formulated as a directed rule graph, with274

atoms as nodes and implications encoded as hyper-275

edges from premise sets to conclusions. Observed276

facts activate source nodes, while target hypothe-277

ses correspond to sink nodes with unknown truth278

values. By inflating the branching factor in forward 279

chaining, exhaustive exploration becomes compu- 280

tationally infeasible. In contrast, a backward strat- 281

egy starts from a goal, hypothesizes minimal sup- 282

porting premises, and verifies them against known 283

facts. This approach can efficiently isolate relevant 284

subgraphs. The design induces repeated cycles 285

of goal-directed hypothesis formation, verification, 286

and revision, thereby fostering the core mechanism 287

of abductive reasoning. 288

3.2 Training Recipe for Reasoning 289

Figure 3 sketches how we transform the emergent 290

“aha” moment into controllable, composable meta- 291

abilities: we first carry out Meta-Abilities Align- 292

ment, independently training deduction, induction, 293

and abduction specialists on synthetic diagnostics; 294

we then fuse these specialists through Parameter- 295

Space Merging to obtain a single checkpoint that 296

retains their complementary strengths. Finally, 297

Domain-Specific Reinforcement Learning Train- 298

ing refines the merged model on domain-specific 299

data such as math, coding, and social dialogue. 300

3.2.1 Stage A: Meta-Abilities Alignment (RL) 301

We curate three synthetic but diagnostic datasets: 302

Deduction (propositional satisfiability), Induction 303

(masked-sequence completion), and Abduction (re- 304

verse rule-graph search). For a policy πθ, we adopt 305

the Group Relative Policy Optimization (GRPO) 306

objective (Shao et al., 2024), where ri,t is the per- 307

token weight and πref is a fixed reference model.: 308

JGRPO(θ) =
1∑
g |og|

G∑
i=1

|oi|∑
t=1

309

min
{
ri,t Âi,t, clip

(
ri,t; 1−ϵ, 1+ϵ

)
Âi,t

}
310

− β DKL

(
πθ∥πref

)
(1) 311
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Each reward ri is computed via a rule-based312

scheme combining Format Reward and Answer313

Reward. The Format Reward checks structural314

compliance using regex-based rules: the model315

must place reasoning in <think> tags and the fi-316

nal answer in <answer> tags. A correct format317

yields +1, while any deviation gives −1. The An-318

swer Reward evaluates correctness relative to the319

task-specific ground truth: a fully correct answer320

receives +2, and an unparseable or missing answer321

−2. Task-specific criteria guide this evaluation.322

A deduction (Propositional satisfiability) output323

is correct only if it satisfies all Boolean formu-324

las; an induction (masked-sequence completion)325

prediction is valid if the predicted term fits the326

sequence pattern; and an abduction (inverse rule-327

graph search) answer is accepted when its premises328

form the minimal consistent causal path from evi-329

dence to target. The total reward is then normalized330

across the group to produce Âi.331

3.2.2 Stage B: Parameter-Space Merging for332

Meta-Ability Integration333

To unify the strengths of models specialized in334

distinct meta-abilities, we adopt parameter-space335

merging, which enables: (i) a cost-efficient com-336

bination of complementary competencies without337

additional training, and (ii) a high-quality initial-338

ization for domain-specific fine-tuning in Stage C.339

We denote the parameters of the RL-deduction-,340

RL-induction-, and RL-abduction-aligned special-341

ists as Θ(d), Θ(i), and Θ(a), respectively. These342

models, trained separately on their respective meta-343

abilities, demonstrate highly complementary behav-344

iors, aggregating their predictions. We construct345

the merged model Θmerge by linearly interpolating346

the weights of the three specialists:347

Θmerge = λdΘ
(d) + λiΘ

(i) + λaΘ
(a) (2)348

We control the contribution of each specialist349

model via scalar weights λd, λi, and λa. These co-350

efficients determine the relative influence of each351

meta-ability in the merged model. Notably, uni-352

form weighting is not assumed. Unequal allocation353

may better reflect the asymmetry in task difficulty354

or generalization benefit across reasoning modes.355

Optimal weights are selected empirically based356

on the performance. In Section 5.2, we compare357

with nonlinear interpolation methods and assess358

the robustness of linear interpolation with respect359

to weight selection.360

3.2.3 Stage C: Domain-Specific 361

Reinforcement Learning Training 362

To evaluate whether meta-ability alignment pro- 363

vides a stronger foundation for downstream learn- 364

ing, we apply reinforcement learning to the aligned 365

checkpoints using domain-specific data, specifi- 366

cally math tasks. For a fair and controlled com- 367

parison with instruction-tuned baselines, we follow 368

the experimental settings of SimpleRL-Zoo (Zeng 369

et al., 2025). Specifically, we adopt a rule-based 370

reward function that assigns +1 to correct comple- 371

tions and 0 otherwise, and also use GRPO. These 372

choices match SimpleRL-Zoo and help isolate 373

the impact of initialization, ensuring performance 374

gains arise from meta-ability alignment rather than 375

optimization differences. 376

4 Experimental Performance 377

4.1 Experimental Setup 378

Dataset and Models. For each meta-ability task 379

we introduce a specific difficulty-controlling param- 380

eter. Thus, we generate multiple difficulty levels 381

for every task and adopt the curriculum learning 382

strategy that trains the model level by level from 383

easy to hard (More details about difficulty control 384

are in Appendix B.). With this schedule, the 7B 385

model converges by Level 2, and its reward does 386

not improve further at higher levels, so we restrict 387

training to Levels 1–2. The 32B model occasionally 388

benefits from Level 3 but shows unstable reward 389

curves. Therefore, we also use only the first two 390

levels for it. We sample 200 instances per task per 391

level for the 7B model and 2000 instances per task 392

per level for the 32B model. For further domain- 393

specific RL training, we adopt the same dataset as 394

SimpleRL-Zoo (Zeng et al., 2025). The base model 395

and instruct model we used in this work are from 396

Qwen-2.5 series (Team et al., 2024). 397

Evaluation Setup. To validate the generaliza- 398

tion of these meta-ability, we select 7 benchmarks 399

from math, coding and science domain. In math 400

tasks, we utilize MATH-500 (Hendrycks et al., 401

2021), the full AIME 1983–2024 corpus (Veer- 402

aboina, 2023), the recent AMC 2023 (Mathemati- 403

cal Association of America, 2023) and AIME 2024 404

(Mathematical Association of America, 2024) sets 405

and the Olympiad-level OmniMath subset (Gao 406

et al., 2025) as the evaluation benchmark. Live- 407

CodeBench (LCB) is designed for code generation 408

(Jain et al., 2024), and GPQA (Rein et al., 2023) 409

is aimed for graduate-level science QA. For most 410
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benchmarks, we report pass@1 results using tem-411

perature 0.0 and top-p 1.0. While, for AIME 2024412

and AMC 2023, containing fewer problems, we use413

average accuracy (avg@32), computed 32 samples414

per problem with temperature 1.0 and top-p 0.95.415

Hyperparameter for Three Stage Training. We416

utilize VERL (Sheng et al., 2024) for meta-abilities417

alignment and continual reinforcement learning,418

and adopt MERGEKIT (Goddard et al., 2024) for419

parameter-space merging to integrate distinct meta-420

abilities. The optimal weighting coefficients are set421

to λd = 1.0, λi = 0.2, and λa = 0.1. We provide422

the comprehensive training setup in Appendix C.423

4.2 Out-of-Domain Generalization of424

Meta-Abilities425

Table 1 shows that meta-ability alignment, trained426

solely on synthetic diagnostic tasks, already trans-427

fers to seven unseen benchmarks (covering five428

math evaluations: Math500, AIME, AIME24,429

AMC23, and Olympic, as well as the Live-430

CodeBench coding test and the GPQA science QA431

set). At the 7B scale, the RL-induction-aligned432

model provides the largest average improvement,433

lifting the mean score by 1.7% (from 38.8% to434

39.8%), whereas the RL-deduction-aligned model435

yields the largest single math task gain with a 2.8%436

increase on Math500 (from 73.0% to 75.8%). In-437

tegrating the three meta-abilities in the Merged438

model further raises the overall average by 2.5%439

(to 37.8%), confirming that the abilities combine440

constructively, e.g., boosting LCB from 25.7% to441

26.0% and GPQA from 27.2% to 33.5%. An Or-442

acle Ensemble (correct if any aligned model suc-443

ceeds) lifts Math average by 11.1% to 49.9%, high-444

lighting untapped complementarity for better fu-445

sion. Additionally, our merged model on 7B size,446

trained without domain data, tops concurrent Abso-447

luteZero Reasoner (Zhao et al., 2025) by 2.7% over448

AZR (Base) and 2.9% over AZR (Coder). While449

AbsoluteZero scales 768 seeds to 16,384 triplets via450

500×384 self-play, our method reaches higher ac-451

curacy with only 1,200 examples, underscoring the452

effectiveness of factorization-plus-interpolation.453

Scaling to the 32B model amplifies the pattern:454

each aligned model surpasses the Qwen2.5-32B-455

Instruct baseline, yielding a mean gain of 3.1% on456

the Math-overall metric and 2.6% on the overall457

average. For reference, the baseline already scores458

46.9% on Math-overall and 44.6% overall. Deduc-459

tion alignment contributes a +4.3% jump on Math-460

overall (to 51.2%), with peaks on AIME (+5.7%)461

and AMC23 (+5.8%), plus gains of +2.6% on Live- 462

CodeBench and +0.6% on GPQA. RL-Induction- 463

and RL-abduction-aligned models follow with re- 464

spective Math-overall gains of +2.7% and +2.4%, 465

and overall average lifts of +2.3% and +2.0%. Ad- 466

ditionally, the Merged checkpoint improves the 467

overall average by 3.5%, with a standout 4.4% gain 468

on the Math-average (from 46.9% to 51.3%) and 469

strong single-task performance such as +6.8% on 470

AMC23. A full Oracle Ensemble run shows an ad- 471

ditional 10.8% lift in the math average (to 57.7%), 472

indicating that the three reasoning modes remain 473

highly complementary even at larger scale. 474

4.3 Scalable Gains from Meta-Abilities 475

Alignment 476

Table 2 shows that embedding meta-ability align- 477

ment into the domain-specific RL pipeline lifts per- 478

formance at both 7B and 32B. For 7B, the instruc- 479

tion baseline scores 38.8 in math and 35.3 overall. 480

Domain-RL-Ins reaches 41.2 and 37.8. Starting RL 481

from the meta-merged checkpoint, Domain-RL- 482

Meta reaches 43.0 and 39.0. Gains are most visible 483

on AIME and Olympic, while code (LCB) and sci- 484

ence (GPQA) stay stable or improve slightly. 485

At 32B, the instruction baseline is 46.9 in math 486

and 44.6 overall. Domain-RL-Ins rises to 50.3 487

and 47.4, and Domain-RL-Meta to 52.3 and 48.8. 488

Math improves by about 7% with Domain-RL-Ins 489

and about twelve percent with Domain-RL-Meta, 490

indicating that teaching core reasoning before do- 491

main adaptation both raises the starting point and 492

increases the return from task-specific tuning. 493

4.4 Additional Baselines and Ablations 494

Unified multi-task RL and SFT controls on syn- 495

thetic tasks. To rule out gains from simply seeing 496

more synthetic data, we add controls trained on 497

the same task generators and verifiers: (i) a uni- 498

fied multi-task RL baseline optimizing one model 499

on the union of Deduction/Induction/Abduction 500

tasks (curriculum and mixed-per-batch), and (ii) 501

SFT baselines on the same tasks (answer-only; 502

trace+answer). These comparisons show our gains 503

come from RL-based, factorized meta-ability align- 504

ment rather than data exposure alone (Appendix E). 505

Early vs. late merging and Domain-RL initial- 506

ization. Beyond Table 2, we ablate when to merge 507

and what to initialize from. We compare early 508

merging (merge specialists, then run domain RL) 509

vs. late merging (run domain RL per specialist, 510

then merge), and Domain-RL initialized from each 511
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Size Model Math Coding Science Average

Math500 AIME AIME24
(Avg@32)

AMC23
(Avg@32)

Olympic LCB GPQA Math Overall
7B

Qwen2.5-7B-Instruct 73.0 22.4 10.7 50.8 37.3 25.7 27.2 38.8 35.3
RL-Deduction-Aligned 75.8 22.6 10.2 51.4 39.3 25.8 31.5 39.9(+1.1) 36.7(+1.4)
RL-Induction-Aligned 75.0 22.5 11.8 52.3 37.5 27.0 33.0 39.8(+1.0) 37.0(+1.7)
RL-Abduction-Aligned 75.2 22.7 11.4 49.1 38.4 26.8 31.9 39.4(+0.8) 36.5(+1.2)
Merged Model 77.8 22.9 11.5 52.3 40.4 26.0 33.5 41.0(+2.2) 37.8(+2.5)
Oracle Ensemble 85.5 32.1 18.0 67.1 46.7 – – 49.9(+11.1) –

32
B

Qwen2.5-32B-Instruct 79.8 31.2 15.3 62.7 45.6 39.5 38.0 46.9 44.6
RL-Deduction-Aligned 83.8 36.9 19.4 68.5 47.4 42.1 38.6 51.2(+4.3) 48.1(+3.5)
RL-Induction-Aligned 82.6 34.8 18.6 66.2 45.8 41.7 38.4 49.6(+2.7) 46.9(+2.3)
RL-Abduction-Aligned 83.8 33.3 17.5 65.9 46.2 41.1 38.6 49.3(+2.4) 46.6(+2.0)
Merged Model 84.2 36.0 19.7 69.5 46.9 41.8 38.4 51.3(+4.4) 48.1(+3.5)
Oracle Ensemble 88.1 43.2 27.3 76.8 53.0 – – 57.7 (+10.8) –

Table 1: Performance of meta-ability–aligned models, merged ensembles, and oracle upper bounds on 7 benchmarks
at both 7B and 32B parameter scales, illustrating consistent gains from scaling

Size Model Math Coding Science Average

Math500 AIME AIME24
(Avg@32)

AMC23
(Avg@32)

Olympic LCB GPQA Math Overall

7B

Qwen2.5-7B-Instruct 73.0 22.4 10.7 50.8 37.3 25.7 27.2 38.8 35.3
Domain-RL-Ins 78.2 23.6 11.9 53.2 39.3 25.1 33.0 41.2(+2.4) 37.8(+2.5)
Domain-RL-Meta 78.8 27.7 12.6 54.7 41.0 25.4 33.1 43.0(+4.2) 39.0(+3.7)

32
B

Qwen2.5-32B-Instruct 79.8 31.2 15.3 62.7 45.6 37.5 38.0 46.9 44.6
Domain-RL-Ins 83.0 36.5 18.6 67.5 46.1 41.8 38.2 50.3(+3.4) 47.4(+2.8)
Domain-RL-Meta 84.6 38.2 19.8 70.4 48.7 41.6 38.6 52.3(+5.4) 48.8(+4.2)

Table 2: Comparison of 7B- and 32B-scale baseline instruction models and our domain-specific RL variants
across math, code, and science benchmarks. Domain-RL-Ins denotes continual domain-specific RL starting from
instruction model; Domain-RL-Meta applies the same RL schedule but from a meta-ability–merged initialization,
yielding a higher attainable performance ceiling.

single specialist vs. the merged checkpoint. Re-512

sults show merging is most effective before domain513

RL, as domain RL can homogenize specialists and514

reduce complementarity (Appendix F).515

4.5 Robust gains from base initialization516

To verify that our pipeline is not contingent on517

instruction-tuned checkpoints, we start from a base518

model and train meta-ability specialists, merge519

them, and optionally apply domain RL. As shown520

in Table 3, the merged model already delivers large521

gains over the base, and a light round of domain RL522

further lifts the ceiling, exceeding a strong R1-style523

baseline (SimpleRL-Zoo) on most metrics.524

5 Analysis525

5.1 Dose LRM really learn meta-abilities?526

To further validate whether meta-ability alignment527

genuinely enhances the expected advanced reason-528

ing abilities, we adopt the cognitive behavior frame-529

work proposed by Gandhi et al. (2025) and utilize530

OpenAI o4-mini (Hurst et al., 2024) to identify531

reasoning-related behaviors. A detailed correspon-532

dence between the cognitive behaviors associated533

with the three meta-abilities, their representative534

statements and evaluation prompts are provided in535

Appendix D. We report the proportion of model 536

responses that exhibit these cognitive behaviors 537

across the three meta-abilities. 538

Relative to the instruction model, the deduction 539

behavior ratio rises from 24.3% to 29.4% in the 540

RL-Deduction-Aligned specialist and remains high 541

at 28.3% in the merged model. Induction increases 542

from 10.2% to 13.1% in the RL-Induction-Aligned 543

specialist, and further to 14.0% in the merged 544

model. Because abductive behaviors are sparse, 545

we report behaviour counts rather than percentages. 546

from 9 in instruct model to 26 in RL-Abduction- 547

Aligned specialist and 18 in the merged model. 548

These trends show that meta-ability alignment re- 549

liably amplifies targeted behaviors, while merged 550

model preserves (and for induction, slightly im- 551

proves) these gains, consistent with our deduction- 552

heavy merge choice. 553

5.2 Which merging strategy is optimal for 554

meta-ability integration? 555

Empirical comparison of merge methods. Be- 556

yond linear interpolation, we also compare three 557

nonlinear merge families (Wortsman et al., 2022), 558

TIES (task-informed sparsified delta add-back), 559

DARE-TIES (density-adaptive, sign-consistent 560
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Model Math Coding Science Average

Math500 AIME AIME’24
(Avg@32)

AMC’23
(Avg@32)

Olympiad LCB
(Coding)

GPQA
(Science)

Math Avg. Overall Avg.

Qwen2.5-7B-Base 44.2 8.8 4.3 26.8 27.7 17.5 23.7 22.4 21.9
Base-Deduction-Aligned 70.0 18.0 9.8 46.3 36.5 22.8 30.4 36.1(+13.7) 33.4(+11.5)
Base-Induction-Aligned 68.5 17.0 9.5 45.5 35.0 21.8 29.5 35.1(+12.7) 32.4(+10.5)
Base-Abduction-Aligned 67.8 16.8 9.3 45.0 34.6 21.5 29.2 34.7(+12.3) 32.0(+10.1)
Base-Merged Model 73.5 19.2 10.1 47.8 38.0 23.0 31.0 37.7(+15.3) 34.7(+12.8)
SimpleRL-Zoo 75.6 26.5 11.7 53.2 38.4 23.3 29.8 41.1(+18.7) 36.9(+15.0)
Base Domain-RL-Meta 77.4 26.8 11.9 54.2 40.0 23.6 33.2 42.1(+19.7) 38.2(+16.3)

Table 3: Effectiveness from base initialization (7B). Only the average columns report absolute improvements over
the base model in parentheses.

TIES), and Segmented SLERP (layer-wise spher-561

ical interpolation with a V-shaped mix). Across562

Math500, AIME, AIME24, and AMC23, lin-563

ear interpolation consistently achieves the best564

scores while being the simplest and most compute-565

efficient, outperforming the more complex alterna-566

tives we tested.567

Setting Math500 AIME AIME24 AMC23

TIES 67.0 19.1 9.9 47.9
DARE-TIES 73.0 20.7 10.5 50.2
SS 72.0 20.5 10.1 49.8
LI (ours) 77.8 22.9 11.5 52.3

Table 4: Merge method comparison. Linear interpola-
tion (LI below) outperforms nonlinear methods while
requiring no extra computing. SS is Segmented SLERP.

Sensitivity of linear interpolation and choice568

of best weights. To probe the robustness of lin-569

ear interpolation, we sweep interpolation weights570

(λd, λi, λa) over deduction, induction, and abduc-571

tion specialists. Starting from a neutral average572

(0.33, 0.33, 0.33), we observe that tilting toward573

a deduction-heavy mixture reliably improves all574

metrics; rotating dominance to induction or ab-575

duction degrades accuracy. Fixing the deduction576

expert at full weight (λd=1.0) and lightly “sprin-577

kling” induction/abduction yielded a broad, sta-578

ble optimum around (1.0, 0.20, 0.10). This setting579

matches our qualitative analysis in which deduc-580

tion contributes the highest-frequency reasoning581

micro-skills, with induction/abduction adding com-582

plementary but lower-frequency behaviors. Impor-583

tantly, performance varies smoothly around this584

point, showing stability over knife-edge sensitivity.585

5.3 Empirical Validation of “Aha Moment”586

An “aha moment” is typically characterized by587

a sharp surge in accuracy (such as greater than588

5–10%) over just a few training steps on bench-589

marks, coinciding with the emergence of advanced590

behaviors such as long chain-of-thought reason-591

ing, self-correction, and backtracking. This phe-592

(λd, λi, λa) Math500 AIME AIME24 AMC23

Qwen2.5-7B-Ins 73.0 22.4 10.7 50.8
(0.33, 0.33, 0.33) 74.0 20.8 10.7 50.1
(0.70, 0.15, 0.15) 76.2 22.5 11.4 52.0
(0.15, 0.70, 0.15) 73.8 21.4 11.3 49.1
(0.15, 0.15, 0.70) 73.8 22.9 10.5 49.4
(1.00, 0.10, 0.10) 76.8 23.7 11.2 52.7
(1.00, 0.20, 0.10) 77.8 22.9 11.5 52.3

Table 5: Linear-merge weight sweep. A deduction-
heavy mixture is best. (1.0, 0.20, 0.10) is a simple, ro-
bust choice. Qwen2.5-7B-Ins is the Instruct model.

nomenon is also noted by previous work (Gandhi 593

et al., 2025), as well as in prior observations from 594

DeepSeek R1, SimpleRL-Zoo, and Logic-RL. Em- 595

pirically, compared with SimpleRL-Zoo’s 40–80 596

iterations and 10k–20k examples (batch = 256) to 597

hit its accuracy knee, we elicit the inflection and 598

those behaviors in arond 25 iterations with batch 599

= 16 (400 examples), yet still achieve robust gains 600

5.7% on a 7B model and 9.4% on a 32B model. 601

This demonstrates a faster, data-efficient, and more 602

predictable route to the “aha moment”. 603

6 Conclusion 604

In this work, we avoid unpredictable “aha moments” 605

by aligning deduction, induction, and abduction 606

with self-verifiable synthetic tasks, training special- 607

ists, and merging them into one model. The merged 608

checkpoint outperforms the instruction baseline 609

by > 10% on diagnostics and up to 2% on seven 610

math/code/science benchmarks. Starting domain- 611

specific RL from this meta-ability-aligned model 612

adds around 4% and the gains widen from 7B to 613

32B, indicating scalable benefits. This pipeline 614

also work robustly from base initialization, lifts 615

average accuracy by by 16.3% over the 7B Base 616

model, showing strong generalization of merged 617

meta-abilities. Our method needs no human labels, 618

supports rapid iteration with control, and improves 619

interpretability by isolating meta-abilities. Mov- 620

ing from emergent “aha” to modular, self-verifying 621

training makes reasoning predictable and reliable. 622
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Limitations623

Our work still leaves several open questions. First,624

the training tasks we use are intentionally sym-625

bolic—Boolean formulae, masked sequences, and626

rule graphs—to guarantee automatic verification,627

but this controlled design inevitably omits the rich-628

ness and noise of natural-language arguments, dia-629

grams, or multimodal evidence chains. Extending630

the suite in those directions would test whether the631

same alignment signals transfer. Second, although632

we evaluate on seven established math, coding, and633

science benchmarks, we have not probed areas such634

as commonsense dialogue, legal reasoning, or cre-635

ative writing, which demand different blends of636

deduction, induction, and abduction; adding such637

tasks would give a more rounded view of gener-638

alization. Finally, we observe that deduction cur-639

rently contributes the largest share of the overall640

gain, while abduction lags behind, suggesting ei-641

ther that our backward-reasoning task could be642

refined or that its reward needs stronger shaping.643

Addressing these points will not overturn the main644

findings, but they offer concrete avenues for mak-645

ing explicit meta-ability alignment more robust,646

broadly applicable, and theoretically grounded.647
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A Data-Synthesis Pseudocode and814

Additional Task Examples815

A.1 Deduction816

Algorithm 1: Propositional Satisfiability
Input: Clause set Φ drawn with

hyper-parameters (nℓ, fℓ, dℓ) as
defined in Appendix B.

Output: A satisfying assignment σ or
UNSAT.

1 Function DPLL(Φ, σ):
2 if ∀C ∈ Φ : C satisfied by σ then

return σ
3 if ∃C ∈ Φ : C falsified by σ then

return UNSAT
4 while ∃ unit clause l do
5 σ ← σ ∪ {l};
6 Φ← SIMPLIFY(Φ, l)

7 foreach literal p that appears with only
one polarity do

8 σ ← σ ∪ {p};
9 Φ← SIMPLIFY(Φ, p)

10 pick the first unassigned variable x
11 for b ∈ {TRUE, FALSE} do
12 σ′ ← σ ∪ {x=b}
13 Φ′ ← SIMPLIFY(Φ, x=b)
14 result← DPLL(Φ′, σ′)
15 if result ̸= UNSAT then return

result

16 return UNSAT

17 Main:
18 return DPLL(Φ, ∅)

Figure 4 presents examples of propositional sat-817

isfiability tasks at difficulty levels 1 through 3, il-818

lustrating how clause structures become increas-819

ingly complex. While exhaustive truth-assignment820

trials quickly become intractable, Algorithm 1 be-821

gins with unit propagation and pure-literal elimina-822

tion to assign all forced literals. It then branches823

on unassigned variables, backtracking when con-824

flicts arise. This process instantiates the hypothe-825

sis–consequence–contradiction–refinement cycle826

characteristic of deductive reasoning, while pre-827

serving an exact satisfaction oracle.828

A.2 Induction 829

Algorithm 2: Masked-Sequence Comple-
tion
Input: Observed prefix

S = [s1, . . . , sn−1, ?]; cycle length
k ≤ 7; operator alphabet
Σ ⊆ {+,−,×} × {1, . . . , 4}.

Output: Predicted missing value
1 B ← {(⟨⟩, SCORE = 0)}
2 for t← 1 to k do
3 if B = ∅ then
4 return FAIL

5 end
6 B′ ← ∅
7 foreach candidate (o⃗, SCORE) ∈ B do
8 foreach op ∈ Σ do
9 o⃗′ ← o⃗ ∥ op

10 if CONSISTENT(o⃗′, S) then
11 SCORE′ ← MDL(o⃗′)
12 add (o⃗′, SCORE′) to B′
13 end
14 end
15 end
16 keep top B elements of B′ by SCORE

17 B ← B′
18 end
19 return value produced by best o⃗ when

applied to S

830

Figure 5 shows examples of masked-sequence 831

completion tasks at difficulty levels 1 through 3, 832

each featuring a hidden cycle of arithmetic opera- 833

tions of length k that induces a super-exponential 834

hypothesis space. Algorithm 2 grows candidate 835

operation sequences up to k, prunes those inconsis- 836

tent with the observed prefix, scores survivors by 837

minimal-description-length, and iteratively refines 838

its beam until the optimal pattern is found, thereby 839

realising the hypothesise–test–refine loop central 840

to inductive reasoning. 841

A.3 Abduction 842

Figure 6 shows examples of reverse rule-graph 843

structures at difficulty levels 1 through 3; Algo- 844

rithm 3 begins at the goal g and recursively tra- 845

verses candidate edges in reverse, memoizing re- 846

sults and pruning cycles until it either reaches a 847

fact in F or exceeds the depth limit. The task there- 848

fore asks: given facts F and a goal g, determine 849

reachability and, if successful, return the minimal 850

explanation tree T comprising only the utilized 851
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Q: Below are some nested 

formulas:

 - ((¬C ⊕ ¬F)  (E → ¬C))

 - ((¬E ⊕ ¬C) → (¬D  E))

 - ((¬E → B) ⊕ ¬(¬B))

 - ((¬C ∨ A) ∧ (¬A ∨ B))

Please list the truth value of 

each variable

Q: Below are some nested 

formulas:

 - (A ∨ ¬C)

 - (C ⊕ A)
 - (¬C ⊕ ¬D)
 - (¬A  ¬B)

Please list the truth value of 

each variable

DEDUCTION – Level 1 

Q: Below are some nested 

formulas:

 - ¬(((¬F ∨ H) ∧ (B → ¬H)))

 - (((G ∨ ¬B) → (A ∨ F)) ⊕ 
(¬(¬D)  ¬(¬B)))

 - (((G ∧ D) → (B  ¬C)) ⊕ 

(¬(¬A) → (D → ¬G)))
 - (((A ⊕ B)  (F → ¬B))  

(¬(¬H) ⊕ (¬H → ¬D)))
 - (((A ∨ ¬C) ∧ ¬(G)) ⊕ ((D ∨ 

¬C) ∨ (¬D ∨ A)))

 - ((¬(¬B) ⊕ ¬(H)) ⊕ (¬(B) ∧ (F 
 E)))

Please list the truth value of 

each variable

DEDUCTION – Level 2 DEDUCTION – Level 3 

Figure 4: Examples of propositional satisfiability problems with difficulty levels ranging from 1 to 3.

hyper-edges. This goal-first, premise-verification852

loop captures abductive reasoning, while graph853

depth, branching factor, and distractor rules enable854

us to scale difficulty yet preserve an exact oracle855

and dense edge-level supervision for RL agents.856

B Controlling Task Difficulty in Synthesis857

We expose one to four orthogonal hyper-858

parameters per task and let the generator sample859

from progressively wider intervals as the curricu-860

lum advances. Each hyper-parameter has a clear861

algorithmic interpretation, so the reader can ver-862

ify that higher levels provably enlarge the effective863

search space.864

• Deduction – Propositional Satisfiability.865

Only the nested-formula mode is active in the866

released code. A level ℓ tuple ⟨nℓ, fℓ, dℓ⟩ con-867

trols:868

– nℓ: number of propositional variables869

(n_vars in the script).870

– fℓ: number of independent formulas gen-871

erated per instance.872

– dℓ: maximum parenthesis nesting depth873

(max_depth).874

The Boolean assignment space grows as 2nℓ ,875

while deeper nesting couples far-apart vari-876

ables via implications, making local heuris-877

tics ineffective. We empirically observe that878

moving from (n, d, f) = (6, 2, 3) to (10, 4, 6)879

increases the search time of a basic backtrack-880

ing solver, which systematically tries possible881

truth assignments, by two orders of magni-882

tude.883

• Induction – Masked-Sequence Completion. 884

For each level we sample cycle_length (pat- 885

tern length, k (1–7)) k ∈ {1, . . . , 7}, which 886

is the number of distinct operations that re- 887

peat, the operator alphabet Σ ⊆ {+,−,×} × 888

{1, . . . , 4}, and the number of masked posi- 889

tions m (1–2). 890

– A longer cycle k means the model 891

must retain a larger latent state 892

to describe the full rule, e.g. 893

⟨+2,×2,−3,+4,×2,−5⟩. 894

– Mixing symbolic with numeric opera- 895

tors further enlarges the hypothesis set to 896

|Σ|k; at k = 7 this already exceeds one 897

million templates. 898

– Multiple blanks m break the symmetry 899

that a single missing suffix would have, 900

requiring the agent to interpolate rather 901

than extrapolate. 902

Hence the difficulty rises super-exponentially 903

in k and m, emphasizing abstraction and gen- 904

eralization over brute-force enumeration. 905

• Abduction – Reverse Rule-Graph Search. 906

The generator draws chain_depth d, 907

num_goals g, distractor_count h and 908

cycle_prob γ from level-specific ranges, e.g. 909

d=3–4, g=2–3, h=5–7, γ=0.10–0.25 for level 3. 910

– Larger d lengthens the minimal back- 911

ward proof, forcing deeper recursion. 912

– Each extra goal g multiplies the number 913

of sink nodes the agent must explain in 914

one episode. 915
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– Distractors h are additional hyper-edges916

whose premises share symbols with real917

rules; they explode the forward branch-918

ing factor, so blind forward chaining be-919

comes exponentially slower while a goal-920

directed agent is unaffected.921

– A non-zero cycle probability γ rewires922

some edges to form backward loops.923

Proof search must therefore keep a vis-924

ited set and handle NOT-YETS—a hall-925

mark of abductive reasoning.926

Jointly increasing ⟨d, g, h, γ⟩ produces a com-927

pounded state space whose size we approxi-928

mate asO((b+h)d) for forward search, where929

b is the intrinsic out-degree of the knowledge930

graph.931

• Abduction – Reverse Rule-Graph Search.932

The generator draws chain_depth d (max-933

imal backward-proof depth), num_goals g934

(number of sink goals), distractor_count935

h (spurious hyper-edges), and cycle_prob936

γ (edge-rewiring probability) from level-937

specific ranges, e.g. d=3–4, g=2–3, h=5–7,938

γ=0.10–0.25 for level 3.939

– Larger d lengthens the minimal back-940

ward proof, forcing deeper recursion.941

– Each extra goal g multiplies the number942

of sink nodes the agent must explain in943

one episode.944

– Distractors h share symbols with true945

rules, exploding the forward branching946

factor—blind forward chaining slows ex-947

ponentially, while a goal-directed agent948

is unaffected.949

– A non-zero cycle probability γ rewires950

some edges to form backward loops;951

proof search must therefore maintain a952

visited set and handle NOT-YETS, a hall-953

mark of abductive reasoning.954

Jointly increasing ⟨d, g, h, γ⟩ produces a com-955

pounded state space whose size we approxi-956

mate asO((b+h)d) for forward search, where957

b is the intrinsic out-degree of the knowledge958

graph.959

During curriculum training we feed the model in-960

stances in ascending level order (e.g. d=2→ 7 for961

abduction, n=6 → 10 for deduction, k=1 → 7962

for induction), so it first acquires stable heuristics963

on low-entropy regimes before encountering the 964

full combinatorial explosion. 965

C Comprehensive Multi-Stage Training 966

Setup 967

Stage A: Meta-Abilities Alignment We warm- 968

start from a frozen instruction model and train 969

on three synthetic diagnostic corpora—Deduction 970

(propositional SAT), Induction (masked-sequence 971

completion) and Abduction (inverse rule-graph 972

search), using the GRPO. Rollouts are generated 973

with vLLM (temperature 0.7, n = 4, tensor- 974

parallel size 2, max tokens≈ 9 000), and optimized 975

with AdamW (LR 5× 10−7) over 20 epochs. We 976

use a training batch size of 32, PPO mini-batch 977

size of 256, and PPO micro-batch size of 32. Re- 978

wards are normalized per group to produce Âi, and 979

we regularize via a KL penalty (β = 0.001, low- 980

variance estimator) to the frozen reference model. 981

Stage C: Domain-Specific Reinforcement Learn- 982

ing on Math Starting from the Stage A check- 983

point (after MergeKit parameter merging), we fine- 984

tune on the dataset from SimpleRL Zoo using 985

GRPO objective to match SimpleRL-Zoo settings. 986

Inputs are capped at 1 024 + 3 072 tokens; train/val 987

batch size 16; PPO mini-batch 128, micro per-GPU 988

2; rollouts with n = 8, temperature 1.0, TP size 989

2. Rewards are rule-based (+1 for correct, 0 oth- 990

erwise) without format terms to isolate transfer 991

effects. We use AdamW (LR 5 × 10−7), clip ra- 992

tio 0.2, entropy bonus 0.001, and KL to reference 993

(β = 0.001). 994

D Quantifying Meta-Ability Behaviors 995

through Targeted Prompts 996

Below we present the three carefully crafted 997

sentence-extraction prompts. One each for Deduc- 998

tion, Induction and Abduction, that we feed to the 999

model to capture its core reasoning behaviors. Each 1000

prompt defines the target micro-skills, constrains 1001

the extraction to only the relevant sentences, and 1002

enforces a strict JSON output format so that we 1003

can automatically compute the frequency of each 1004

reasoning mode. These prompts form the basis for 1005

quantifying how often the model engages in each 1006

type of advanced inference. 1007
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Deduction Prompt

Here is a thought record:

<thinking text >

We define ``Deduction '' to consist
of exactly two sub -skills:

1. HypothesisProposing: sentences
that explicitly introduce a

testable hypothesis or
scenario , such as:
* ``Assume <\dots >, then <\

dots >.''
* ``Case <number >: <\dots >.''
* ``Suppose <\dots >, then <\

dots >.''

2. SelfVerification/
SelfCorrection: sentences
that explicitly validate or
correct a prior result , such
as:
* ``After checking , <\dots >,

so <\dots >.''
* ``We see that <\dots > was

wrong , so <\dots >.''
* ``This shows an error; we

must <\dots >.''
* ``Correcting that , <\dots

>.''

Extraction requirements:
- Extract **all and only** the

sentences that clearly match
one of the above patterns or
equivalent wording that
directly reflects the two sub -
skills.

- Do **not** extract any
explanatory , descriptive , or
purely procedural sentences.

- Return a JSON array; each element
must be exactly:

{
"category ": "

HypothesisProposing "|"
SelfVerification/
SelfCorrection",

"sentence ": "<the exact
extracted sentence >"

}
- After the array , output one more

field:
"total_count ": <the total number

of extracted sentences >

Please ** strictly ** follow this
format without any additional
commentary.

1008

Induction Prompt

You are an expert reasoning analyst
.

1009

TASK: Induction Sentence Extraction
(Wide -Net , English Only)

------------------------------------

1. Input text is wrapped between
THINKING: ... END THINKING.

2. Scan every sentence (and its
immediately preceding sentence)
and extract only those that

state or imply a general rule ,
trend , or pattern derived
from multiple cases or
examples.

Key English triggers include
words or phrases such as:

* therefore , thus , hence , it
follows that

* we observe that ,
observations show , we see
that

* typically , usually , in
general , most , majority

* suggests that , implies that ,
indicates that

* pattern , trend , rule ,
conjecture , generalize

* for all n, for any k, if ...
then ...

Extraction is OK for
probabilistic statements (e.
g.\ ``Most A are B'') and
recursive claims

(e.g.\ ``If P(k) holds then P(k
+1) holds , so P(n) for all n
'').

3. Do NOT extract purely numerical
computations , single -step
deductions , or abduction
sentences.

OUTPUT FORMAT (nothing else):
------------------------------------

First , a JSON array of the exact
extracted sentences as strings.
Then , on the next line:

"total_count ": <number_of_sentences
>

Example:
[

"For any $n\\equiv 0\\ pmod {5}$,
the position is losing.",

"Thus the sequence converges to
zero for all starting values
."

]
"total_count ": 2

THINKING:
<thinking text >
END THINKING

Remember: output valid JSON and the
total_count line , and nothing

else.

1010
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Abduction Prompt

You are an expert reasoning analyst
.

**Task**
1. I will give you a block of text

labelled
THINKING: ... END THINKING.

2. Scan every sentence and extract
**only** those that exhibit **
abduction (backward reasoning)
**.

3. Exclude any sentences that use
forward reasoning (deduction or
induction) or are purely

descriptive/mathematical.
4. Return a JSON array; each

element must be exactly:
{

"sentence ": "<the exact
extracted sentence >",

"match_type ": "template" | "
close_paraphrase" | "
clear_abduction_non_template
",

"matched_pattern ": "<template
code or empty >"

}
5. After the array , output a final

field on a **new line **:
"total_count ": <the total number

of extracted sentences >

** Abduction vs.\ Forward Reasoning
**

- ** Abduction (backward reasoning)
** starts from an observation
or surprising fact and proposes
or tests a hypothesis/

explanation.
- ** Forward reasoning ** (deduction

/ induction) starts from
premises or rules and derives
consequences --- **do not
extract ** those.

** Abduction Templates (code: exact
pattern)**

T1 Given -that -> ``Given that <
observed fact >, it must be that
<hypothesis >.''

T2 Since -result -> ``Since <result >
holds , one explanation is <

hypothesis >.''
T3 To-account -for -> ``To account

for <outcome >, suppose <
hypothesis >.''

T4 Observing -suggests -> ``
Observing <phenomenon > suggests
<hypothesis >.''

T5 Because -infer -> ``Because <
result >, we infer <hypothesis
>.''

T6 Hypothesis -test -revise -> ``
Testing that hypothesis , we
find <contradiction >, so <
revision >.''

1011

T7 Bad -consequence -fails -> ``
However , this would imply <bad
consequence >, thus the
explanation fails.''

T8 Closer -inspection -> ``On closer
inspection , <hypothesis > does

not hold , so <revision >.''

**Close Paraphrase Examples **
- ``One possible cause of X is Y.''
- ``A plausible explanation for X

could be Y.''
- ``If X happened , then Y might be

responsible.''
- ``X seems best explained by Y.''
- ``Assuming Y, we can explain X.''
- ``Y predicts X; therefore , Y is

likely.''
- ``Y would predict Z, yet we

observe not -Z; hence Y is
unlikely.''

** Strict Extraction Rules**
* Extract **all and only**

sentences performing abduction
as defined above.

* Exclude any forward -reasoning or
purely procedural/mathematical
sentences.

* If a sentence matches a template
** exactly**, set `"match_type
":" template"` and `"
matched_pattern"` to its code (
e.g.\ `"T1"`).

* If it is a tight paraphrase (<= 3
word changes per clause), set

`"match_type ":" close_paraphrase
"`.

* Otherwise , if it clearly does
abduction but is not a template
or close paraphrase , set `"

match_type ":"
clear_abduction_non_template"`
and leave `"matched_pattern"`
blank.

* Output must be valid JSON with **
no** extra keys or explanatory
text.

THINKING:
<thinking text >
END THINKING

Please ** strictly ** follow the
specified output format and
include nothing else.

1012

E Additional Baselines and Ablations 1013

This appendix consolidates additional baselines 1014

and design-justification ablations that were intro- 1015

duced in the rebuttal, including (i) unified multi- 1016

task RL and SFT baselines on the same synthetic 1017

meta-ability tasks, and (ii) early-vs-late merging 1018

and domain RL initialization from single specialists 1019
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versus from the merged model.1020

E.1 Unified Multi-Task RL on the Synthetic1021

Meta-Ability Tasks1022

A natural baseline is to train a single model directly1023

on the union of Deduction, Induction, and Abduc-1024

tion tasks, instead of training three specialists and1025

merging. We evaluate two unified-training variants1026

under the same RL objective (GRPO; Eq. 1) and1027

the same synthetic task generators/verifiers:1028

Curriculum unified RL (Deduction→ Induction1029

→ Abduction). We train on Deduction first and1030

progressively switch to Induction and then Abduc-1031

tion. After switching to Abduction, we observed1032

that optimization became unstable, with frequent1033

gradient spikes and no further improvement on ei-1034

ther the synthetic diagnostics or downstream bench-1035

marks.1036

Mixed unified RL (joint sampling within each1037

mini-batch). We mix Deduction/Induction/Ab-1038

duction examples in every mini-batch. In this set-1039

ting, the reward curve rises slowly at the beginning1040

and then quickly flattens, yielding substantially1041

weaker performance than the specialist-then-merge1042

pipeline.1043

Discussion. Our working hypothesis is that1044

jointly optimizing the three meta-abilities induces1045

conflicting update directions, making unified train-1046

ing brittle and difficult to tune without extensive1047

task-balancing or curriculum sweeps. We therefore1048

adopt the separate-then-merge strategy, which is1049

empirically more stable and compute-efficient in1050

our setting.1051

E.2 SFT Baselines on the Same Synthetic1052

Tasks1053

To control for the effect of “seeing more synthetic1054

data”, we also evaluate supervised fine-tuning1055

(SFT) baselines on the same synthetic meta-ability1056

datasets, using the same inputs as the RL setting.1057

Answer-only SFT. We perform standard SFT1058

where the synthetic question is the input and only1059

the final answer is the target. This variant can over-1060

fit to synthetic patterns and may hurt generalization1061

on downstream tasks.1062

Trace+answer SFT. We augment the target with1063

reasoning traces (chain-of-thought) from correct1064

solutions, and fine-tune the model to generate both1065

the trace and the final answer. This improves down- 1066

stream performance relative to answer-only SFT, 1067

but still lags behind RL-aligned specialists and the 1068

merged model, consistent with prior observations 1069

that outcome-based RL more directly refines rea- 1070

soning behaviors. 1071

Takeaway. These baselines indicate that our 1072

gains are not explained by “training on extra syn- 1073

thetic data” alone: naive SFT can degrade gen- 1074

eralization, and even trace-augmented SFT re- 1075

mains weaker than the full RL-based meta-ability 1076

pipeline. 1077

F Merging and Domain-RL Ablations 1078

This section reports ablations that justify parameter- 1079

space merging and quantify its interaction with 1080

downstream domain RL. 1081

F.1 Early vs. Late Merging under Domain RL 1082

We compare early merging (merge specialists first, 1083

then apply domain-specific RL; Domain-RL-Meta) 1084

versus late merging (apply domain RL to each spe- 1085

cialist first, then merge the resulting checkpoints; 1086

Merged-Post-Domain-RL). We additionally report 1087

domain RL from single specialists (Deduction/In- 1088

duction/Abduction init) to isolate how much merg- 1089

ing helps beyond the strongest single initialization. 1090

Interpretation. The strongest single specialist 1091

initialization is Deduction-Init-Domain-RL, while 1092

Induction/Abduction initializations are comparable. 1093

Late merging still improves over the best single 1094

specialist, but the gain is smaller than the early- 1095

merge recipe. A plausible explanation is that do- 1096

main RL drives specialists toward a more similar 1097

local optimum (“homogenization”), reducing com- 1098

plementarity and thus diminishing the benefit of 1099

late-stage merging. 1100

F.2 Connection to the Main Domain-RL 1101

Comparison 1102

Table 2 in the main paper compares Domain-RL- 1103

Ins (domain RL from the instruction-tuned model) 1104

versus Domain-RL-Meta (domain RL from the 1105

meta-ability merged initialization) under the same 1106

SimpleRL-Zoo-style setup. Together with Table 6, 1107

these results show that (i) merging provides a 1108

stronger initialization than any single specialist, 1109

and (ii) performing the merge before domain RL is 1110

most beneficial. 1111
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Algorithm 3: Reverse Rule-Graph
Search
Input: Rule-graph G = (V,E); facts

F ⊆ V ; goal g ∈ V ;
chain_depth d; distractor_count h;
cycle_prob γ (values sampled as in
Appendix B).
Output: TRUE/FALSE and (optional)

explanation tree T .
1 Caches: memo Cache, recursion stack

Path, edge set E .
2 Function Prove(q, depth):
3 if q ∈ F then
4 return TRUE

5 if depth > d ∨ q ∈ Path then
6 return FALSE

7 if Cache[q] ̸= UNKNOWN then
8 return Cache[q]

9 Path←Path ∪ {q}
10 foreach e : (P→q) ∈ E do

// candidate hyper-edges
11 if ∀p ∈ P : Prove(p, depth+1)

then
12 E←E ∪ {e}
13 Cache[q]← TRUE;

Path← Path \ {q}; return
TRUE

14 Cache[q]← FALSE;
Path← Path \ {q}; return FALSE

15 Main:
16 initialise caches;
17 success← Prove(g, 0);
18 if success then
19 prune E to minimal tree T
20 else
21 T ← ∅
22 return success, T

17



Model (7B) Math500 AIME AIME24 AMC23

Deduction-Init-Domain-RL 76.8 25.1 12.3 54.2
Induction-Init-Domain-RL 76.4 24.8 11.1 53.9
Abduction-Init-Domain-RL 77.5 24.9 11.9 54.0
Merged-Post-Domain-RL 78.0 25.8 11.9 54.1
Domain-RL-Meta (Early-Merge) 78.8 27.7 12.6 54.7

Table 6: Early-vs-late merging and domain RL initialization from single specialists versus from the merged model
(7B). Early merging followed by domain RL yields the best performance.

Q: Given the following sequence

['1', '5', '7', '11', '13', '17', '19', '23', 

'?’]

What is the value at the question 

mark?

INDUCTION - Level 2

Q: Given the following sequence

['1', '-1', '2', '0', '?’]

What is the value at the question 

mark?

INDUCTION - Level 1 INDUCTION - Level 3 

Q: Given the following sequence

['3', '1', '5', '2', '0', '4', '1', '-1', '3', 

'0', '?’]

What is the value at the 

question mark?

Figure 5: Examples of masked-sequence completion with difficulty levels ranging from 1 to 3.

Q: premises: ['(C) => I', 

'(((A OR (NOT I)) OR (L OR 

NO))) => I', '((N OR C)) => 

O', '((NOT I)) => A', '(((N OR 

N) OR (NOT A))) => NO', 
'(((N OR I) OR A)) => I', 

'((NO AND (I OR (NOT O)))) 

=> EN', '(I) => N']

known_atoms: ['N', 'NO', 

'L', 'O', 'I', 'C', 'A']
goals: ['FI', 'KB', 'NO’]

For each goal, analyze its 

reachability

ABDUCTION – Level 2

Q: premises: ['((KF AND A)) => A', 

'((A OR KF)) => F', '(F) => N', '((N 

OR N)) => KF', '((N OR C)) => C', 

'(((NOT F) OR N)) => F']

known_atoms: ['A', 'N', 'F', 'C', 
'KF']

goals: ['HE', 'OH', 'KF’]

For each goal, analyze its 

reachability

ABDUCTION – Level 1 ABDUCTION – Level 3 
Q: premises: ['((NOT D)) => J', 

'((I OR J)) => M', '(((D AND M) 

OR B)) => M', '(((C OR (NOT 

B)) AND ((NOT D) AND (NOT 

C)))) => B', '((I OR J)) => HJ', 
'((((NOT M) AND (NOT M)) OR 

(I AND M))) => I', '((((NOT I) 

AND (NOT H)) AND (ME OR 

(NOT D)))) => C', '((((NOT M) 

OR M) OR ((NOT M) AND J))) 
=> BC', '((M AND (NOT J))) => 

J', '(((M AND M) AND (NOT J))) 

=> ME', '(ME) => C', '((NOT C)) 

=> O', '(M) => M']

known_atoms: ['B', 'J', 'ME', 
'M', 'D', 'I', 'C']

goals: ['ME', 'H', 'DJ’]

For each goal, analyze its 

reachability

Figure 6: Examples of reverse rule-graph search with difficulty levels ranging from 1 to 3.
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