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Abstract001

Self-Refinement has emerged as a promis-002
ing paradigm for improving Large Language003
Model (LLM) performance by iteratively im-004
proving its response at inference time. Existing005
training methods typically treat refinement as006
a decoupled task and rely on pre-generated re-007
sponses, thereby detaching training from the008
model’s actual reasoning trajectories and hin-009
dering performance. In this paper, we propose010
FlipTS (Failure-to-Success Learning for self-011
refInement with Potential-guided Trajectory-012
aware Sampling), an end-to-end reinforcement013
learning (RL) framework that optimizes the en-014
tire self-refinement loop online. We identify a015
fundamental bottleneck in this end-to-end set-016
ting: the sparsity of informative refinement017
behaviors Failure-to-Success (F2S). FlipTS018
addresses this by utilizing a non-stationary019
Bayesian model to estimate data potential and020
applying trajectory-aware sampling to enrich021
the training process with valuable refinement022
signals. Experiments on Qwen3-4B-Instruct023
and LLaMA-3.1-8B-Instruct across challeng-024
ing mathematical benchmarks demonstrate that025
FlipTS consistently outperforms both offline026
and online RL baselines. Notably, it exhibits ro-027
bust generalization to scientific reasoning and028
safety tasks without domain-specific tuning.029
Our code will be open-sourced.030

1 Introduction031

LLMs have demonstrated remarkable versa-032

tility across various tasks, particularly when033

equipped with a Self-Refinement mechanism. Self-034

Refinement (see Figure 1) allows the model to it-035

eratively improve its responses and correct errors,036

effectively exploiting additional computation at in-037

ference time (Madaan et al., 2023; Shinn et al.,038

2023; Khatri et al., 2025). However, its efficacy039

is constrained by the model’s limited verification040

and reasoning capabilities (Zhang et al., 2025).041

Consequently, it is imperative to enhance this self-042

correction proficiency through explicit training.043

Figure 1: An example of Self-Refinement. The model
diagnoses flaws in its initial answer and iteratively cor-
rects them to achieve ground truth.

Recent advancements highlight the potential of 044

outcome-based end-to-end RL (Guo et al., 2025; 045

Wang et al., 2025; Xue et al.). Despite these suc- 046

cesses, the Self-Refinement domain has yet to fully 047

leverage this paradigm, specifically by treating the 048

multi-turn Self-Refinement process as a unified tra- 049

jectory. Existing approaches (Zeng et al., 2025; 050

Huang et al., 2024; Hu et al., 2025) typically for- 051

mulate refinement as an isolated, single-step task, 052

relying predominantly on synthetic trajectories or 053

offline generated responses for training. While 054

straightforward, such methods fundamentally suf- 055

fer from a distribution mismatch between train- 056

ing data and actual inference trajectories. Con- 057

sequently, the resulting policies tend to overfit to 058

fixed patterns and fail to generalize sufficiently to 059

perform spontaneous self-correction. 060

Applying end-to-end RL to Self-Refinement 061

poses non-trivial challenges, primarily stemming 062

from the sparsity of high-value behaviors. Specifi- 063

cally, instances where the model successfully self- 064

corrects, termed Failure-to-Success (F2S), are ex- 065

ceptionally rare under naive sampling. Instead, 066
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positive rollouts are predominantly composed of067

Success-to-Success (S2S) instances, where the068

model generates a correct initial response and069

merely maintains it. While S2S trajectories provide070

positive reward signals, they lack explicit error-071

correction actions, rendering them ineffective for072

optimizing the model’s refinement capabilities.073

To address these challenges, we propose FlipTS074

(Failure-to-Success Learning for self-refInement075

with Potential-guided Trajectory-aware Sampling),076

a novel framework that applies end-to-end RL to077

Self-Refinement. Our approach generates and opti-078

mizes entire multi-turn self-refinement trajectories079

online, ensuring fully on-policy optimization and080

effectively eliminating the distribution shift.081

Furthermore, we tackle the sparsity issue with082

a potential-guided trajectory-aware sampling strat-083

egy. We model the occurrence of successful cor-084

rection as a Bernoulli distribution conditioned on085

the specific query and model state. Leveraging the086

Beta-Bernoulli conjugate prior for Bayesian estima-087

tion, we employ Thompson Sampling to actively088

prioritize queries with high refinement potential.089

FlipTS achieves superior performance while adher-090

ing to simple outcome-based rewards, effectively091

circumventing the need for manual reward engi-092

neering and mitigating the risk of reward hacking.093

Our method and subsequent analysis underscore094

the pivotal role of rollout distribution in RL train-095

ing: sufficient exposure to high-value trajectories096

serves as both a prerequisite and a powerful catalyst097

for the emergence of advanced behaviors.098

To evaluate the efficacy of FlipTS, we con-099

duct extensive training and evaluate models across100

challenging benchmarks: AIME25, HMMT (Feb101

2025), BRUMO25, and CMIMC25 (Balunović102

et al., 2025). Experimental results demonstrate103

that FlipTS consistently outperforms competitive104

baselines, including step-level RL trained on offline105

data and trajectory-level RL with dynamic filtering.106

Our work offers three key contributions:107

1. We present an end-to-end RL framework for108

multi-turn Self-Refinement, enabling models109

to evolve intrinsic correction capabilities with110

complete on-policy trajectories rather than of-111

fline curated data.112

2. We identify the efficiency bottleneck arising113

from the sparsity of high-value behaviors and114

propose a potential-guided Thompson Sam-115

pling strategy to address it.116

3. We demonstrate that our method enhances per- 117

formance on challenging mathematical bench- 118

marks, while significantly improving out-of- 119

distribution generalization in both scientific 120

reasoning and trust-and-safety evaluations. 121

2 Related Work 122

Self-Correction and Self-Refinement in LLMs. 123

LLMs can boost their reasoning skills simply by 124

critiquing and refining their own outputs, no ex- 125

tra training required. Early approaches primar- 126

ily focused on inference-time prompting strategies. 127

(Madaan et al., 2023) demonstrated that LLMs can 128

improve their answers through iterative feedback 129

loops without updating model parameters. More- 130

over, (Wang et al., 2024; Shridhar et al., 2024) 131

further revealed that Self-Refinement can serve as 132

an intrinsic mechanism for continuous reasoning 133

enhancement and model self-evolution. However, 134

studies like (Huang et al., 2023; Liu et al., 2025) 135

suggest that LLMs often struggle to self-correct 136

intrinsic reasoning errors without specific training, 137

particularly in mathematical reasoning. 138

Online vs. Offline RL Learning for Reasoning. 139

Existing training-based Self-Refinement methods 140

are predominantly offline: they rely on static 141

datasets synthesized before training and cannot 142

adapt to the model’s evolving error patterns. One 143

line of work uses SFT on teacher-generated refine- 144

ment trajectories, e.g., (Hu et al., 2025; Zhang et al., 145

2024) trains on math problems with refined answers 146

produced by a stronger model. Another employs of- 147

fline RL, optimizing aggregation or selection poli- 148

cies over pre-collected multi-solution traces, as in 149

(Lee et al., 2024; Zeng et al., 2025). Consequently, 150

these methods suffer from distribution shift and 151

tend to imitate fixed, off-policy behaviors rather 152

than correcting their own on-policy errors. In con- 153

trast, our fully online RL framework updates exclu- 154

sively from on-policy trajectories, closing the Self- 155

Refinement learning loop and enabling the model 156

to initiate corrections autonomously. 157

Data Efficiency and Trajectory Selection. A 158

key challenge in online RL for reasoning is the 159

scarcity of informative feedback signals. Existing 160

methods struggle to adapt to the evolving policy: 161

Kumar et al. (2024) attempts to mitigate sparsity 162

via static, offline pre-screening, which inevitably 163

leads to a growing data-policy mismatch due to dis- 164

tributional shifts as training progresses. Conversely, 165
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while methods like DAPO (Yu et al., 2025) perform166

online trajectory filtering, they require prohibitively167

expensive large-scale rollouts. To efficiently nav-168

igate this trade-off between stability and cost, we169

introduce an online Bayesian mechanism, inspired170

by Qu et al. (2025), that dynamically estimates171

the informativeness of trajectories. By applying172

Thompson Sampling, our approach actively prior-173

itizes Failure-to-Success trajectories, as these are174

most likely to yield a high learning signal. This175

maximizes information gain and sample efficiency176

without incurring significant inference overhead.177

3 Methodology178

3.1 End-to-End RL for Self-Refinement179

We treat the iterative Self-Refinement process as a180

multi-turn generation task. For a given question q,181

the process initiates by generating an initial draft182

solution. In subsequent turns, the model conditions183

on the original question and the previous solution184

to produce a refined response. This cycle repeats185

for a fixed number of turns T , yielding a trajectory186

of reasoning steps where each iteration aims to187

improve the correctness of the preceding output.188

MDP Formulation. We formalize this process189

as a Markov Decision Process (MDP). A complete190

episode is represented as a trajectory τ containing a191

sequence of states, actions, and immediate rewards:192

τ =
(
(s1, a1, r1), (s2, a2, r2), . . . , (sT , aT , rT )

)
.193

Here, the state and action spaces are defined dy-194

namically based on the turn t. At the initial turn195

(t = 1), the state is the question itself, s1 = q.196

For refinement turns (t > 1), the state encapsu-197

lates the context of the previous attempt, defined198

as st = (q, at−1). The action at corresponds to199

the generated solution at step t. Crucially, rt de-200

notes the immediate reward received after action201

at, which evaluates the quality of the current step.202

RLVR with Trajectory-level GRPO. Following203

the spirit of Reinforcement Learning with Verifi-204

able Rewards (RLVR), we define the immediate205

reward rt based on the objective correctness of the206

solution. Formally,207

rt =

{
1, if at is correct,
−1, otherwise.

208

Specifically, we extract the answer within \boxed209

from at and evaluate it against the ground truth210

using the math_verify1 toolkit of version 0.7.0. 211

The trajectory reward R(τ) is defined as the reward 212

of the final output, i.e., R(τ) = rT . 213

We employ Group Relative Policy Optimiza- 214

tion (GRPO) (Shao et al., 2024) for RL training. 215

For each question q, a group of G trajectories 216

τi = {(s(i)t , a
(i)
t , r

(i)
t )}Tt=1 is sampled from an old 217

policy πold. The advantage for the i-th trajectory is 218

computed by normalizing the rewards within the 219

group: 220

Ai =
R(τi)−mean({R(τj)}Gj=1)

std({R(τj)}Gj=1)
. 221

Then the trajectory-level GRPO objective is for- 222

mulated as follows, omitting the KL divergence 223

constraint: 224

JGRPO(θ) = Eq∼D,{τi}∼πold(·|q)

[ 1

GT

G∑
i=1

T∑
t=1

225

1

|a(i)t |

|a(i)t |∑
l=1

min{ρ(i)t,lAi, clip(ρ(i)t,l , 1± ϵ)Ai}
]
, (1) 226

where ϵ is the clip ratio and ρ
(i)
t,l is the importance 227

sampling ratio for l-th token in solution a
(i)
t , 228

ρ
(i)
t,l =

πθ
(
a
(i)
t,l | s

(i)
t , a

(i)
t,<l

)
πold

(
a
(i)
t,l | s

(i)
t , a

(i)
t,<l

) . 229

3.2 Sparsity of High-value Behaviors 230

Applying end-to-end RL to complex processes is 231

fundamentally limited by the intrinsic sparsity of 232

high-value behaviors. Trajectories that exhibit de- 233

sirable capabilities, such as error recovery, are rare 234

compared to trivial solutions. Without sufficient ex- 235

posure to these informative examples, the optimiza- 236

tion algorithm lacks the gradient signals needed to 237

reinforce targeted skills. 238

This bottleneck is particularly acute in the it- 239

erative Self-Refinement process. In this context, 240

Failure-to-Success (F2S) instances are extremely 241

rare under natural sampling, leaving the model with 242

few positive examples from which to learn effec- 243

tive error-correction strategies. Two factors com- 244

pound this sparsity. First, LLMs exhibit a strong 245

self-consistency bias (Xu et al., 2024), favoring 246

initial responses over critical revision. Second, mis- 247

aligned problem difficulty further reduces useful 248

1https://github.com/huggingface/Math-Verify
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Figure 2: Framework of the Proposed Method.

signals: tasks are often too easy (solved on the249

first attempt) or too hard (unsolvable even with re-250

finement). As shown in Figure 3, with a horizon251

of T = 2, valid corrections appear in only about252

5% trajectories. This extreme sparsity dilutes the253

training signal and hampers policy optimization.

F2S: 4.97%
S2F: 1.23%

S2S: 76.01%

F2F: 17.79%

Transition Distribution

Figure 3: Proportion of four transition types during first
50 training steps of Trajectory GRPO.

254

3.3 Active Data Selection via Thompson255

Sampling256

To address the sparsity of critical refinement sig-257

nals, we propose an active data selection strategy258

that prioritizes trajectories exhibiting F2S transi-259

tions, where initially incorrect solutions are cor-260

rected in subsequent turns. For a horizon T = 2,261

these trajectories are identified by a reward pattern262

of r1 = −1 followed by r2 = 1. We formulate data263

selection as a non-stationary multi-armed bandit 264

(NS-MAB) problem, in which each question q is 265

treated as an arm. The expected reward reflects the 266

likelihood of inducing F2S behavior and evolves as 267

the model improves during training. 268

Assume that for each question q at training step 269

k, the occurrence of an F2S transition follows a 270

Bernoulli process governed by an unknown proba- 271

bility parameter ξk,q. To model the uncertainty of 272

this parameter, we adopt a standard Beta-Bernoulli 273

conjugate framework. Specifically, we maintain a 274

belief distribution over ξk,q at training step k as: 275

ξk,q ∼ Beta(αk,q, βk,q), 276

where αk,q and βk,q represent the sufficient statis- 277

tics (or effective pseudo-counts) for observed suc- 278

cesses and failures, respectively. 279

Empirical Prior Initialization. To mitigate cold- 280

start issues, we derive an informative global prior 281

using data collected during a warm-up phase (the 282

first W steps). In this phase, we select questions 283

uniformly and compute the empirical F2S probabil- 284

ity ξ̂i for each observed question qi using their roll- 285

outs. For simplicity, we model the population distri- 286

bution as a Beta distribution and estimate its hyper- 287

parameters via the Method of Moments. Given the 288

sample mean µ0 and variance σ2
0 of the collected 289

{ξ̂i}, the prior parameters are derived as: 290

α0 = µ0κ, β0 = (1− µ0)κ, (2) 291
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where κ = µ0(1− µ0)/σ
2
0 − 1. We then initialize292

the belief state for all questions using α0,q = α0293

and β0,q = β0.294

Non-stationary Posterior Update. At training295

step k, we update the posterior parameters using296

new observations. For a question q in the current297

batch, let sk,q and fk,q denote the counts of trajecto-298

ries with and without F2S transitions, respectively.299

The parameters are updated via300

αk+1,q = sk,q + λαk,q,

βk+1,q = fk,q + λβk,q,
(3)301

where λ ∈ (0, 1] is an exponential decay factor302

that discounts outdated evidence to handle non-303

stationarity. posterior parameters for questions not304

in the batch remain unchanged.305

The Selection Criterion. At training step k, we306

construct the training batch Bk by leveraging the307

posterior to identify questions whose estimated F2S308

probabilities are closest to a target ξtarget. Using309

Thompson Sampling, we draw310

ξ̃k,q ∼ Beta(αk,q, βk,q)311

for each question q, and select the top-B questions312

minimizing the absolute deviation:313

Bk = Top-Bq∈D

(
−
∣∣ξ̃k,q − ξtarget

∣∣) . (4)314

3.4 Scalable Exploration via a Dynamic315

Candidate Pool316

Applying Thompson Sampling directly to a mas-317

sive dataset D with |D| ≫ B is impractical for318

two reasons. First, in a large candidate set, high-319

variance priors can produce extreme samples, caus-320

ing top-B selection to be dominated by statistical321

outliers rather than promising trajectories. This ef-322

fectively reduces exploration to near-random sam-323

pling; a theoretical analysis is provided in The-324

orem 1 (Appendix B). Second, the vast search325

space leads to sparse and infrequent observations326

per question. Over such long revisit intervals, the327

model evolves significantly, making the posterior328

parameters αk,q and βk,q outdated and misaligned329

with the model’s current capabilities.330

To address these issues, we restrict Thompson331

Sampling to a fixed-size, dynamically maintained332

candidate pool C ⊂ D (where B < M ≪ |D|).333

The pool is managed through two key phases:334

1). Initialization. Upon the completion of the335

warm-up phase (at step W ), the pool is initialized336

by uniformly sampling M unique questions from 337

the full dataset D. 338

2). Dynamic Refresh and Replenishment. To 339

prevent the pool from stagnating in local optima, 340

we employ a saturation-based update strategy. Let 341

O ⊆ C be the set of observed questions selected 342

at least once. A refresh is triggered when the frac- 343

tion of observed questions exceeds a threshold η 344

(i.e., |O|/M ≥ η). At this point, we compute 345

the posterior mean Sq = αq/(αq + βq) for all ob- 346

served items and remove a fraction γ of the pool 347

corresponding to questions with the largest abso- 348

lute deviation |Sq − ξtarget|. These removed items 349

are replaced with new questions sampled from the 350

global dataset D, introducing exploration while 351

filtering out questions far from the target. 352

We detail the complete training workflow in Ap- 353

pendix H. 354

4 Experiments 355

4.1 Experimental Settings 356

We implement FlipTS and various baselines lever- 357

aging the verl-agent framework (Feng et al., 358

2025). Training is conducted on Qwen3-4B- 359

Instruct-2507 (Team, 2025) and Llama3.1-8B- 360

Instruct (Dubey et al., 2024), using a dataset com- 361

posed of DeepMath (He et al., 2025) and AM (Ji 362

et al., 2025) with difficulty levels 1 and 2. 363

To assess the performance on challenging math- 364

ematical reasoning, we evaluate Qwen models 365

on AIME25, HMMT (Feb 2025), BRUMO25, 366

and CMIMC25 (Balunović et al., 2025). For 367

these benchmarks, we report the mean accu- 368

racy across 128 independent sampled trajecto- 369

ries (Accavg@128). For Llama models, we eval- 370

uate on MATH500 (Lightman et al., 2024) us- 371

ing Accavg@8. To test the out-of-distribution 372

(OOD) generalization, we also include GPQA- 373

Diamond (Rein et al., 2024), Super-GPQA (Du 374

et al., 2025), TruthfulQA (Lin et al., 2022), and 375

SafetyBench (Zhang et al., 2023), reporting the 376

Pass@1 accuracy. Please refer to Appendix C for 377

detailed statistics of the datasets and benchmarks. 378

We evaluate our method against three compet- 379

itive baselines: (1) Step-level GRPO: Employs 380

single-turn GRPO on refinement tasks with offline- 381

generated initial solution. (2) Trajectory GRPO: 382

The end-to-end RL algorithm as described in Sec- 383

tion 3.1 without sampling. (3) Dynamic-filter 384

GRPO: A variant of Trajectory GRPO that dy- 385

namically filters out trajectories with zero advan- 386
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Table 1: Accavg@128 (%) of Qwen3-4B-Instruct under 10-turn Self-Refinement across four benchmarks.

Method AIME25
HMMT

(Feb 2025)
BRUMO25 CMIMC25 Average ↑ Rollouts ↓

w/o training 51.41 36.17 63.31 35.82 46.68 N/A
Step-level GRPO 53.65 37.50 63.41 37.66 47.99 1×
Trajectory GRPO 57.63 40.08 63.75 38.05 49.88 1×
Dynamic-filter GRPO 58.83 42.32 65.81 39.02 51.49 4×
FlipTS 61.74 42.97 66.41 41.86 53.24 1×

tage. Notably, while Dynamic-filter GRPO relies387

on costly online rollouts for sample filtering, our388

approach updates the candidate pool without addi-389

tional rollout expenses and incurs negligible mem-390

ory overhead. We refer to Appendix D for more391

details about these baselines.392

Training uses a learning rate of 1e−6, batch size393

16, group size 16, max output length 8192, and394

trajectory length T = 2 in a strict on-policy set-395

ting without KL constraints. For FlipTS, we set396

ξtarget = 0.5, pool size M = 2000, refresh thresh-397

old η = 0.3, and culling ratio γ = 0.25. It is398

worth noting that the configuration was selected399

without exhaustive tuning. The superior perfor-400

mance achieved under such conditions highlights401

the inherent efficacy of our framework compared402

to the baselines. For additional sensitivity analyses,403

we refer to Appendix F.404

4.2 Preliminary Analysis of Self-Refinement405

Figure 4 shows the evaluation performance of406

FlipTS under iterative self-refinement, measured407

by Accavg@128. Although trained with a short408

horizon (T = 2), evaluation accuracy consistently409

improves over up to 10 turns. This indicates that410

the training effectively instills the atomic capa-411

bility of self-correction, which involves verifying412

and refining a previous solution and generalizes to413

longer horizons. The largest improvement occurs414

at the first refinement step, where many coarse ini-415

tial errors are corrected in a single iteration, while416

subsequent steps gradually resolve finer-grained417

reasoning errors, resulting in substantial cumula-418

tive improvement through multi-turn refinement.419

In this work, we perform iterative self-refinement420

over 10 turns (Turn-10) for evaluation.421

4.3 Comparative Results and Discussion422

Table 1 summarizes the performance of different423

training strategies applied to Qwen3-4B-Instruct424

on four challenging mathematical reasoning bench-425

marks using 10-turn self-refinement.426
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Figure 4: Acc-Avg@128 of FlipTS on AIME25,
HMMT25, BRUMO25, and CMIMC25 across refine-
ment turns. Turn 1 denotes the initial response, and
subsequent turns correspond to iterative self-refinement.
Across all benchmarks, performance improves mono-
tonically with additional refinement, with the most pro-
nounced gain appearing at the first refinement step.

Step-level GRPO provides only marginal gains 427

over the base model, indicating limitations of 428

offline-synthesized solutions. Trajectory GRPO im- 429

proves accuracy through multi-step reasoning but 430

is restricted by uniform sampling. Dynamic-filter 431

GRPO further boosts performance via online fil- 432

tering, but at a substantial computational cost (4× 433

rollouts). In contrast, FlipTS achieves the highest 434

accuracy while requiring only the baseline rollouts 435

(1×). By selectively reinforcing high-value trajec- 436

tories using trajectory-value guided sampling and 437

Bayesian estimation, FlipTS balances exploration 438

and exploitation efficiently, achieving superior per- 439

formance without extra computational overhead. 440

FlipTS offers two main advantages: (1) It out- 441

performs offline baselines, including standard Tra- 442

jectory GRPO, without increasing computational 443

cost; (2) It surpasses online filtering approaches, 444

such as Dynamic-filter GRPO, while avoiding extra 445
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rollouts. Overall, this demonstrates that targeted446

trajectory refinement is more effective than uniform447

sampling or discriminative filtering, achieving both448

higher accuracy and computational efficiency.449

Improvement on LLama3.1-8B-Instruct. Ta-450

ble 2 highlights a fundamental shift in Self-451

Refinement dynamics, moving from stochastic452

degradation to principled error correction. In453

its vanilla state, LLama3.1-8B-Instruct lacks the454

metacognitive grounding to evaluate its own reason-455

ing, causing accuracy to decline. This refinement456

collapse indicates that without internal verification,457

iterative turns merely act as a recursive noise gen-458

erators that compound hallucinations.

Table 2: Accuracy (%) of Llama3.1-8B-Instruct on
MATH500 under 10-turn Self-Refinement. Init denotes
single-step inference before refinement; Turn-10 is the
final output after 10 refinement steps.

Method Init Turn-10
w/o training 41.95 37.68
Trajectory GRPO 50.00 52.53
FlipTS 54.20 55.48

459
Trajectory GRPO effectively reverses this de-460

generative trend by transforming the model from461

a passive generator into an active self-refinement.462

By internalizing a verification primitive, the model463

secures a positive refinement trajectory, demonstrat-464

ing that reinforcement learning can reconfigure its465

policy to treat multi-turn reasoning as goal-oriented466

optimization. Building on this self-correction ca-467

pability, FlipTS further enhances policy search468

by balancing exploration with guided exploitation.469

Its strategic trajectory sampling transforms self-470

refinement from an unstable heuristic into a reliable471

and scalable mechanism.472

4.4 Which Trajectories Drive Effective473

Self-Refinement?474

In this subsection, we justify the use of the Failure-475

to-Success (F2S) rate as the sampling criterion.476

Prior methods, such as DAPO (Yu et al., 2025) and477

MoPPS (Qu et al., 2025), typically select questions478

based on the Final Success rate, aiming to discard479

trivial cases with zero advantage and retain ques-480

tions of moderate difficulty. However, for learning481

effective self-correction, we argue that moderate482

difficulty alone is insufficient. We compare the pro-483

posed F2S sampling strategy with a strategy guided484

by Final Success (Final-S) rate. As shown in Fig-485
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Figure 5: Comparison of F2S and Final-S sampling
strategies on mathematical competition benchmarks.
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Figure 6: Training dynamics of F2S and Final-S sam-
pling. (a) F2S Rate: proportion of F2S trajectories per
batch. (b) Effective F2S Rate: proportion of F2S tra-
jectories with non-zero advantage. (c) Final Success
Rate: proportion of trajectories achieving the correct
final answer. (d) Non-zero Advantage Rate: proportion
of trajectories with non-zero advantage.

ure 5, the F2S strategy consistently outperforms the 486

Final-S strategy across all four benchmarks, achiev- 487

ing a higher average accuracy of 53.24% compared 488

to 51.54%. To shed light on the source of this im- 489

provement, we analyze the training dynamics in 490

Figure 6: 491

(1) Refinement Signals (Fig 6a & b): The F2S- 492

guided strategy maintains a substantially higher 493

proportion of F2S trajectories, whether measured 494

by raw counts or when excluding zero-advantage 495

samples. Our method effectively increases the F2S 496

rate by more than three-fold, with negligible ad- 497

ditional computational overhead. This creates a 498

training distribution enriched with explicit correc- 499

tion signals, thereby enhancing the model’s Self- 500

Refinement capabilities. 501

(2) Difficulty and Efficiency (Fig 6c & d): The 502

Final-S strategy favors prompts with lower final 503
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Table 3: Accuracy (%) of Qwen3-4B-Instruct under 10-turn Self-Refinement on three challenging OOD benchmarks.
“Init” denotes single-step inference before refinement; “Turn-10” is the final output after 10 refinement steps. All
results are averaged over 128 evaluation samples per benchmark.

Method TruthfulQA GPQA-Diamond SuperGPQA
Init Turn-10 Init Turn-10 Init Turn-10

w/o training 82.03 84.43 42.42 63.13 36.80 45.20
Trajectory GRPO 80.38 84.30 53.79 65.15 40.20 47.20
FlipTS 84.05 86.08 54.42 65.85 40.10 46.20

accuracy, targeting harder problems. However, as504

shown in Figure 6d, both strategies result in com-505

parable non-zero-advantage rates, suggesting that506

merely increasing prompt difficulty does not inher-507

ently yield more informative training signals.508

These observations reveal that increasing the509

density of successful self-correction behaviors is510

more vital than simply escalating task difficulty.511

While reducing zero-advantage samples ensures ef-512

ficiency, our method goes further by enriching the513

distribution with explicit refinement signals, cre-514

ates a more behaviorally informative environment515

for Self-Refinement.516

4.5 Out-of-Distribution Performance517

en zh zh_subset avg
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Figure 7: SafetyBench Evaluation (single-step): w/o
training vs FlipTS

We evaluate the transferability of the learned518

Self-Refinement behavior on OOD benchmarks cov-519

ering factuality, scientific reasoning, and safety. As520

shown in Table 3, FlipTS consistently improves521

the performance of Qwen3-4B-Instruct under 10-522

turn Self-Refinement, with gains observed at both523

the initial and final turn.524

On TruthfulQA (Lin et al., 2022), FlipTS525

achieves the highest accuracy, outperforming the526

untrained baseline after refinement by a clear mar-527

gin in factual verification. For scientific reason-528

ing, the gains are more pronounced: on GPQA-529

Diamond (Rein et al., 2024), trajectory-level train-530

ing yields over 20% absolute improvement over the531

untrained initialization, while on SuperGPQA (Du 532

et al., 2025), it consistently improves the final re- 533

fined performance, demonstrating strong general- 534

ization under OOD conditions. We further assess 535

the impact of this training on model safety and 536

alignment. Figure 7 reports single-step accuracy 537

(Turn=1) on SafetyBench (Zhang et al., 2023), a 538

challenging multilingual OOD benchmark cover- 539

ing offensiveness, bias, health, ethics, and moral- 540

ity. Despite training being limited to mathematical 541

reasoning, our method improves average accuracy 542

from 83.02% to 85.04%, consistently enhancing 543

safety alignment across all categories. These re- 544

sults show that iterative self-refinement via End-to- 545

End RL transfers effectively to OOD tasks, enhanc- 546

ing the model’s safety and trustworthiness. 547

5 Conclusion 548

This work introduces FlipTS, an end-to-end on- 549

line RL framework that enhances iterative Self- 550

Refinement in LLMs and addresses key limi- 551

tations of offline methods. FlipTS combines 552

Bayesian trajectory-value estimation with targeted 553

Thompson Sampling to prioritize promising tra- 554

jectories, effectively mitigating the sparsity of 555

informative refinement behaviors. Importantly, 556

FlipTS overcomes the issue of refinement collapse, 557

where untrained models degrade over multiple self- 558

refinement steps due to the lack of an internal verifi- 559

cation mechanism. Through principled training and 560

targeted trajectory sampling, FlipTS stabilizes iter- 561

ative refinement, enabling the model to reliably cor- 562

rect its own errors and progressively improve rea- 563

soning. Results demonstrate that FlipTS achieves 564

strong performance on challenging mathematical 565

reasoning benchmarks and generalizes effectively 566

to OOD tasks, highlighting its robust and transfer- 567

able reasoning capabilities. 568
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6 Limitations569

Our analysis highlights the importance of rollout570

distribution in RL training, particularly in terms of571

the model’s exposure to high-value trajectories. In572

the present work, training is restricted to a short573

horizon of T = 2, consisting of an initial response574

followed by a single refinement step, primarily575

due to limitations in available computational re-576

sources. This setting allows us to observe basic577

self-refinement behavior. However, how extending578

RL training to longer, multi-turn rollouts would in-579

fluence trajectory coverage or reasoning dynamics580

remains a worthwhile direction for investigation.581

Systematic investigation of such settings may help582

clarify under what conditions rollout length affects583

the emergence and utilization of high-value trajec-584

tories.585

Our current work focuses on enhancing the ef-586

ficiency of sequential, iterative Self-Refinement.587

Moving forward, exploring parallel self-evolving588

strategies is crucial for scalability. Future research589

will investigate integrating our trajectory-aware590

sampling principles with parallel refinement tech-591

niques. In particular, we aim to develop policies592

that can concurrently generate and evaluate multi-593

ple candidate solutions or reasoning chains, while594

supporting efficient online RL training.595

Furthermore, we address the bottleneck of sparse596

high-value trajectories through active online sam-597

ple selection. While this strategy effectively pri-598

oritizes informative data, the optimization process599

still relies on relatively coarse trajectory-level re-600

wards. In future work, we will integrate our sam-601

pling framework with finer-grained step-level re-602

ward shaping and dynamic advantage optimiza-603

tion to jointly improve online sample selection and604

credit assignment, thereby alleviating reward spar-605

sity and enabling more robust self-correction in606

complex reasoning scenarios.607
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Mislav Balunović, Jasper Dekoninck, Ivo Petrov, Nikola609
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Notation Description

Problem & Trajectory Formulation
q, y Input query and its corresponding ground-truth

answer.
τ Multi-turn Self-Refinement trajectory

{(st, at, rt)}Tt=1.
T Maximum number of turns per episode.
st, at, rt State, action (solution), and verifiable reward

at turn t.

RL Optimization & Dynamics
πθ,D Policy network and the global training dataset.
R(τ), Ai Trajectory-level return and group-relative ad-

vantage.
G Group size (number of sampled trajectories per

query).
JGRPO Objective function for trajectory-level GRPO.

Active Selection via Thompson Sampling
ξk,q F2S transition probability for question q at step

k.
α, β Shape parameters (pseudo-counts) of the Beta

distribution.
λ Decay factor addressing non-stationarity of the

policy.
ξtarget Target F2S probability for prioritizing trajecto-

ries.
C,M Candidate pool and its capacity (M = |C|).
O Set of observed questions within the candidate

pool.
η Saturation threshold for triggering a pool re-

fresh.
γ Fraction of candidates to be culled during re-

plenishment.
Sq Posterior mean used for candidate filtering.

Table 4: Summary of notations and definitions.

B Theoretical Analysis of Thompson785

Sampling Collapse Due to Large-Scale786

Datasets787

In this section, we provide a formal justification788

for the adoption of Dynamic Candidate Pool. We789

analyze the asymptotic behavior of Thompson Sam-790

pling when the dataset size N is much larger than791

the sampling batch B, and show that, despite the792

presence of informative samples, the selection793

mechanism effectively degenerates into uniform794

random sampling: a phenomenon we term Thomp-795

son Sampling Collapse.796

Theorem 1 (Asymptotic Collapse of Thompson797

Sampling Precision). Let D be a dataset of cardi-798

nality N , partitioned into two disjoint sets:799

• O: The set of Observed samples with cardi-800

nality |O| = K ≪ N .801

• UN : The set of Unobserved samples with802

cardinality |UN | = N −K ≈ N .803

Statement: As N → ∞ with fixed batch size B, 804

the expected number of Observed samples in the 805

batch approaches zero, causing the batch precision 806

to converge to the prior sparsity ρ. 807

Proof. 1. The Budget Constraint 808

The selection of the top-B samples defines a selec- 809

tion window 810

WN = [x∗ − δN , x∗ + δN ]. 811

The total count B comprises selected observed sam- 812

ples (Mobs) and unobserved samples (Mun). Us- 813

ing the Law of Large Numbers to approximate dis- 814

crete counts with probability integrals: 815

B = K

∫
WN

fpost(x) dx︸ ︷︷ ︸
E[Mobs]

816

+ (N −K)

∫
WN

fprior(x) dx︸ ︷︷ ︸
E[Mun]

(5) 817

2. Asymptotic Shrinkage of δN 818

As N →∞, the unobserved component (N −K) 819

dominates the budget equation. To keep the total 820

sum finite (B), the integration interval δN must 821

shrink to zero, i.e., δN → 0. By the Mean Value 822

Theorem for small intervals, we can approximate: 823

B ≈ 2 δN

[
K · fpost(x∗) + (N −K) · fprior(x∗)

]
. 824

Since N ≫ K, the contribution from the unob- 825

served portion dominates: 826

B ≈ 2 δN (N −K) fprior(x
∗), 827

Thus, the batch density is governed almost entirely 828

by the prior of the unobserved population. 829

3. Asymptotic Dilution of Informative Samples 830

We now determine the expected number of high- 831

value observed samples that successfully enter the 832

batch by substituting δN back into the expectation 833

term: 834

E[Mobs] ≈ K · 2δN · fpost(x∗) 835

≈ K·B
N · fpost(x

∗)

fprior(x∗)︸ ︷︷ ︸
Density Ratio

. (6) 836

The observed samples typically exhibit Posterior 837

Concentration (low variance) due to evidence up- 838

dates, whereas unobserved samples follow a diffuse 839
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prior. This implies that the local density at the tar-840

get is topically higher for observed samples:841

fpost(x
∗) ≥ fprior(x

∗) > 0.842

The density ratio remains a finite constant. As the843

dataset size scales (N → ∞), the linear growth844

of N in the denominator overwhelms the density845

benefit:846

lim
N→∞

E[Mobs] = 0. (7)847

Therefore, the batch becomes statistically saturated848

with unobserved samples (B ≈ Bun ⊂ UN ). Since849

the unobserved set is a random subset inheriting850

the global signal sparsity, the final batch precision851

reverts to ρ.852

Remark 1. This theoretical insight directly moti-853

vates our sampling design. In practice, datasets are854

large (N ∼ 105–107), while batch sizes are small855

(B ∼ 24–27). Under this regime (N ≫ B), The-856

orem 1 shows that standard Thompson Sampling857

suffers from asymptotic dilution of informative858

samples, effectively degenerating into uniform ran-859

dom sampling and failing to leverage newly dis-860

covered high-value trajectories. To mitigate this,861

we introduce a Candidate Pool of manageable size862

(e.g., M = 2000), ensuring the ratio B/M remains863

sufficiently large. This preserves the concentration864

of the posterior density fpost(x
∗) around informa-865

tive samples, thereby maintaining the efficacy of866

Thompson Sampling for active exploitation.867

C Dataset Details and Statistics868

In this section, we provide detailed documenta-869

tion of the datasets used for training, validation,870

and benchmarking. The primary domains cover871

competition-level mathematics, scientific reason-872

ing, and AI safety/trustworthiness.873

C.1 Training Dataset874

Our training corpus is constructed by uniformly875

mixing the following mathematical reasoning876

datasets: (1) DeepMath (He et al., 2025): Contains877

103k samples; (2) AM-Math-Difficulty-RL (Ji878

et al., 2025): We utilize the subset of diffuculty879

level-1 (98k) and level-2 (101k). The total size of880

the mixed training dataset is approximately 302k881

samples.882

C.2 Evaluation Benchmarks883

We employ a diverse set of benchmarks to evalu-884

ate mathematical capability and out-of-distribution885

(OOD) generalization. Table 5 summarizes the 886

statistics, domains, and evaluation settings for each 887

dataset. Note that for TruthfulQA, we adhere to 888

the new, improved multiple-choice version2 rec- 889

ommended by the authors. For SuperGPQA, we 890

use a fixed random subset of 1,000 questions for 891

evaluation. 892

D Baseline Details 893

We detail the baselines and summarize their key 894

differences and characteristics in Table 6. 895

Step-level GRPO. This baseline treats solution 896

generation and refinement as decoupled single-turn 897

tasks. We randomly sample 20,000 questions and 898

use the original model to generate one initial solu- 899

tion for each. The training is conducted via single- 900

turn GRPO on a dataset comprising two tasks: (1) 901

generating a correct solution directly from the ques- 902

tion, and (2) generating a refined solution given 903

the pre-generated initial response as context. This 904

baseline serves to isolate the benefits of end-to-end 905

online optimization. 906

Trajectory GRPO. This baseline implements the 907

end-to-end RL framework detailed in Section 3.1, 908

optimizing self-refinement with complete multi- 909

turn trajectory. Unlike our proposed method, it 910

omits the Thompson Sampling mechanism and in- 911

stead adheres to the original dataset distribution for 912

rollout generation. 913

Dynamic-filter GRPO. This baseline integrates 914

the dynamic filtering spirit of DAPO into the Tra- 915

jectory GRPO framework. Instead of following the 916

original DAPO formulation strictly, it utilizes on- 917

line rejection sampling to filter out trajectories with 918

non-positive advantages. This ensures a fair com- 919

parison by applying DAPO’s adaptive sampling 920

logic to the same trajectory-level search space as 921

our method. However, it incurs significant compute 922

overhead from oversampling and rejection. 923

E Computation Budget 924

Our experimental framework and algorithms are 925

implemented as modifications to the open-source 926

verl-agent library, utilizing RL training for 927

model optimization. All experiments were con- 928

ducted on a dedicated compute node equipped with 929

8× NVIDIA GPUs (80GB VRAM), operating with 930

2https://www.alignmentforum.
org/posts/Bunfwz6JsNd44kgLT/
new-improved-multiple-choice-truthfulqa
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Table 5: Statistics of evaluation datasets.

Category Dataset Size (Questions) Evaluation Setting

Validation AIME243, AIME25, HMMT (Feb 2025) (Balunović et al., 2025) 30 each Accavg@8

Math Benchmark AIME25, HMMT (Feb 2025), BRUMO25, CMIMC25 (Balunović et al., 2025) 30 each Accavg@128
MATH500 (Lightman et al., 2024) 500 Accavg@8

Science GPQA-Diamond (Rein et al., 2024) 198 Pass@1
SuperGPQA (Subset) (Du et al., 2025) 1,000 Pass@1

Safety & Trust SafetyBench (Zhang et al., 2023) 11,435 Pass@1
TruthfulQA (Lin et al., 2022) 817 Pass@1

3 https://huggingface.co/datasets/AI-MO/aimo-validation-aime

Table 6: Comparison of baseline methodologies across core algorithmic dimensions. E2E RL: End-to-End RL
optimization of self-refinement; Sample Pruning: Online filtering of zero-advantage trajectories.

Method E2E RL Thompson Sample Compute Gradient
Paradigm Sampling Pruning Efficiency Fidelity

Step-level GRPO × × × High Moderate
Trajectory GRPO ✓ × × High Moderate
Dynamic-filter GRPO ✓ × ✓ Low† High
FlipTS (Ours) ✓ ✓ × High High
† Dynamic-filter GRPO increases the rollout-to-update ratio through extra online sampling and rejection.

CUDA 12.2. The computational cost for training931

to approximately 800 update steps is as follows:932

• Qwen3-4B-Instruct: Completing 800 update933

steps requires approximately 3.6 days of con-934

tinuous wall-clock time, largely due to the it-935

erative generation and self-refinement cycles.936

• Llama-3.1-8B-Instruct: Under identical con-937

figurations, the training process for 800 steps938

requires approximately 2.5 days.939

F Sensitivity Analysis of940

Hyperparameters941

In this section, we conduct several experiments942

to investigate the impact of key hyperparameters943

and design choices within our dynamic candidate944

pool framework. To provide a comprehensive945

view of the training dynamics, we visualize the946

validation scores throughout the optimization pro-947

cess. The validation set comprises three challeng-948

ing benchmarks: AIME24, AIME25, and HMMT949

(Feb 2025), evaluated under a self-refinement pro-950

cess with a horizon of T = 2. We report perfor-951

mance using the Average Accuracy over 8 sampled952

trajectories (denoted as Accavg@8).953

F.1 Target Failure-to-Success Probability954

We investigate the impact of the target Failure-to-955

Success probability ξtarget. We evaluate the model’s956
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Figure 8: Validation scores for target Failure-to-Success
probability ξtarget ∈ {0.2, 0.5, 0.8} over training steps.

performance with ξtarget ∈ {0.2, 0.5, 0.8}, and the 957

corresponding validation scores are presented in 958

Figure 8. The setting of ξtarget = 0.8 consistently 959

yields superior performance compared to lower val- 960

ues of 0.5 and 0.2. This empirical evidence val- 961

idates the hypothesis that exposing the model to 962

a higher density of Failure-to-Success transitions 963

is essential for mastering Self-Refinement. Thus, 964

prioritizing these trajectories through the sampling 965

mechanism serves as a crucial driver for perfor- 966

mance improvements. 967

F.2 Size of Candidate Pool M 968

To analyze the sensitivity of our method to the 969

pool size M , we compare the validation scores 970

of M ∈ {2000, 20000, 100000} in Figure 9. The 971
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Figure 9: Validation scores for pool sizes M = 2, 000
and M = 20, 000 over training steps.

results indicate a trade-off between convergence972

speed and final performance. A smaller pool973

(M = 2, 000) accelerates early-stage training by974

encouraging rapid exploitation, whereas a moder-975

ately larger pool (M = 20, 000) exhibits a slower976

initial learning curve but fosters more thorough ex-977

ploration, ultimately yielding superior asymptotic978

performance. This suggests that M can be adjusted979

to balance computational efficiency against peak980

accuracy depending on the available budget. No-981

tably, an excessively large pool (M = 100, 000)982

leads to significant performance degradation. This983

observation empirically validates the necessity of984

the candidate pool mechanism itself, aligning with985

our discussion in Section 3.4 and corroborate the986

theoretical proofs provided in Appendix B.987

G Artifact Licenses and Usage988

Compliance989

This work strictly complies with the licenses and990

terms of service for all utilized artifacts. Our usage991

is confined to academic, non-commercial research.992

• Permissive Licenses (MIT, Apache-2.0, CC-993

BY-4.0, ODC-By): We adhere to the attri-994

bution and open-source terms for DeepMath,995

TruthfulQA, SafetyBench, GPQA-Diamond,996

SuperGPQA, and AIME24. Our codebase uti-997

lizes verl-agent and math_verify under the998

Apache-2.0 license.999

• Non-Commercial Licenses (CC-BY-NC-4.0,1000

CC-BY-NC-SA-4.0): We utilize AM-Math-1001

Difficulty-RL, AIME25, HMMT (Feb 2025),1002

BRUMO25, and CMIMC25 strictly for non-1003

commercial research purposes, ensuring no1004

violation of the "NC" (Non-Commercial) or1005

"SA" (Share-Alike) clauses.1006

Attribution is provided for all cited assets to main- 1007

tain transparency and reproducibility in line with 1008

community standards. 1009

Furthermore, we confirm that none of the utilized 1010

datasets contain personally identifiable information 1011

(PII). While SafetyBench inherently contains sensi- 1012

tive or potentially offensive queries by design, such 1013

content serves a specific research purpose and does 1014

not target real-world individuals. The remaining 1015

mathematical datasets are free of offensive content. 1016

H Algorithm 1017

Algorithm 1 summarizes our proposed method, 1018

FlipTS, which integrates dynamic Bayesian poste- 1019

rior estimation with targeted Thompson sampling 1020

to guide end-to-end RL for Self-Refinement. It 1021

maintains a candidate pool of questions and con- 1022

tinuously updates belief parameters based on ob- 1023

served trajectory outcomes. By sampling trajecto- 1024

ries whose estimated refinement potential is clos- 1025

est to a target probability ξtarget, FlipTS focuses 1026

training on the model’s zone of proximal develop- 1027

ment. A refresh-and-cull mechanism ensures pool 1028

diversity and mitigates posterior staleness under 1029

non-stationary learning dynamics. 1030

I Self-Refinement Prompt Template 1031

Our self-refinement process is structured as a multi- 1032

turn dialogue. The specific prompt configurations 1033

for each stage of the process are detailed below. 1034

System Message (All Turns) For every turn in 1035

the conversation (both initial generation and sub- 1036

sequent refinements), the system message remains 1037

constant to enforce step-by-step reasoning and cor- 1038

rect output formatting: 1039

System: 1040

Please reason step by step, and 1041

put your final answer within 1042

\boxed{}. 1043

Turn 1: Initial Generation In the first turn, the 1044

user message consists solely of the math problem. 1045

The model generates the initial candidate solution 1046

based on this input. 1047

User: 1048

{question} 1049

Subsequent Turns: Refinement For all subse- 1050

quent turns, the user message follows a structured 1051
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refinement template. This template feeds the prob-1052

lem and the previous candidate solution (which1053

may be flawed) back into the model, instructing it1054

to critique and improve the answer.1055

User:1056

You are given a math problem and1057

a potential solution.1058

This attempt may be flawed or1059

partial.1060

Correct any errors and build upon1061

its ideas to produce an improved,1062

high-quality solution.1063

If the original attempt is1064

unusable, generate a correct1065

solution from scratch.1066

End with the final result in1067

\boxed{}.1068

Problem:1069

{question}1070

Candidate solution (may contain1071

mistakes):1072

—- Candidate —-1073

{candidate_answer}1074

Now refine the candidate into an1075

improved solution.1076

Provide clear reasoning and1077

end with the final answer in1078

\boxed{}.1079

Here, {question} is the original problem state-1080

ment, and {candidate_answer} is the model’s1081

output from the immediate previous turn.1082
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Algorithm 1: FlipTS
Input: Dataset D; Batch size B; Decay factor λ; Target probability ξtarget; Warm-up steps W ;

Pool size M ; Refresh threshold η; Culling fraction γ; Initial Policy πθ0 .
Output: Optimized Policy πθN

1 for k = 1, 2, . . . , N do
// Thompson Sampling for Questions

2 if k ≤W then
3 Sample batch Bk uniformly from D;
4 end
5 else
6 Sample a proxy probability ξ̃k,q ∼ Beta(αk,q, βk,q) for each q ∈ C;
7 Select batch Bk as the top-B questions in C minimizing |ξ̃k,q − ξtarget| (Eq. 4);
8 end

// RL Training (Trajectory-level GRPO)

9 Generate trajectories {τi}B×G
i=1 using πθk for questions in Bk;

10 Update θk to θk+1 by maximizing JGRPO(θ) (Eq. 1);
// Beyasian Estimation

11 Count the number of trajectories with and without F2S transition sq, fq; compute ξ̂q = sq/G;
12 if k = W then
13 Compute prior parameters α0, β0 using the empirical probabilities {ξ̂q} from the first W

steps (Eq. 2); initialize αk,q ← α0, βk,q ← β0, ∀q ∈ D;
14 end
15 if k > W then
16 Update αk+1,q ← sq + λαk,q, βk+1,q ← fq + λβk,q for each q ∈ Bk (Eq. 3);
17 end

// Dynamic Pool Mechanism
18 if k = W then
19 Initialize candidate pool C by uniformly sampling M questions from D;
20 Initialize observed questions in pool O = ∅;
21 end
22 if k > W then
23 Update observed questions: O ← O ∪ Bk;
24 if |O|/M ≥ η then
25 Calculate scores Sq = αk,q/(αk,q + βk,q) for q ∈ O;
26 Identify cull set Qrem ⊂ O with ⌊γM⌋ questions with largest |Sq − ξtarget|;
27 Uniformly sample a new set Qnew from D \ C with |Qrem| = |Qnew|;
28 Update pool C ← (C \ Qrem) ∪Qnew; O ← O \Qrem

29 end
30 end
31 end
32 return πθN
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