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Abstract001

Through encouraging self-exploration, rein-002
forcement learning from verifiable rewards003
(RLVR) has significantly advanced the math-004
ematical reasoning capabilities of large lan-005
guage models. As the starting point for RLVR,006
the capacity of supervised fine-tuning (SFT)007
to memorize new chain-of-thought trajecto-008
ries provides a crucial initialization that shapes009
the subsequent exploration landscape. How-010
ever, existing research primarily focuses on011
facilitating exploration during RLVR train-012
ing, leaving exploration-aware SFT under-013
explored. To bridge this gap, we propose014
Offline eXploration-Aware (OXA) fine-tuning.015
Specifically, OXA optimizes two objectives:016
promoting low-confidence verified teacher-017
distillation data to internalize previously un-018
captured reasoning patterns, and suppressing019
high-confidence incorrect self-distillation data020
to redistribute probability mass of incorrect pat-021
terns toward potentially correct candidates. Ex-022
perimental results across 6 benchmarks show023
that OXA consistently improves mathematical024
reasoning performance, especially achieving an025
average gain of +6 Pass@1 and +5 Pass@k026
points compared to conventional SFT on the027
Qwen2.5-1.5B-Math. Crucially, OXA elevates028
initial policy entropy, and performance gains029
persist throughout extensive RLVR training,030
demonstrating the long-term value of OXA.031

1 Introduction032

The mathematical reasoning capabilities of large033

language models (LLMs) have witnessed a break-034

through by scaling up inference computation for035

long-chain reasoning. Building upon pre-trained036

LLMs, a common strategy to achieve state-of-037

the-art performance involves a two-stage training038

pipeline (DeepSeek-AI, 2025; Yang et al., 2025a):039

(1) Supervised fine-tuning (SFT), which distills040

knowledge from teacher models to activate initial041

reasoning capabilities and learn long-chain output042

formats; and (2) Reinforcement learning from veri- 043

fiable rewards (RLVR), which further boosts perfor- 044

mance by encouraging self-exploration and learn- 045

ing from model-generated samples. 046

In reinforcement learning, maintaining suffi- 047

cient policy entropy to prevent premature conver- 048

gence and encourage exploration is fundamental 049

(Williams and Peng, 1991; Williams, 1992; Eysen- 050

bach and Levine, 2021). In the context of RLVR, 051

thorough exploration is particularly critical, as it 052

allows the model to discover diverse reasoning 053

paths and unlock greater potential. To this end, 054

existing research has attempted to manipulate pol- 055

icy entropy through objective-level regularizations 056

(Zhang et al., 2025b; Cheng et al., 2025; Jiang et al., 057

2025), fine-grained update and sampling controls 058

(Liao et al., 2025; Cui et al., 2025), and semantic- 059

level abstractions (Cao et al., 2025). However, 060

these efforts primarily focus on facilitating explo- 061

ration during the RLVR process, overlooking the 062

role of the SFT stage. As the starting point for 063

RLVR, SFT provides a crucial initialization that 064

shapes the subsequent exploration landscape. 065

Moreover, recent studies reveal that while RLVR 066

excels at optimizing known paths, it struggles to ex- 067

pand the model’s fundamental reasoning space. In 068

contrast, SFT is highly effective at enabling models 069

to internalize new reasoning pathways (Yue et al., 070

2025; Kim et al., 2025; Chu et al., 2025). This 071

suggests that by enriching the model’s exploration 072

space with diverse reasoning pathways, intuitively, 073

SFT can facilitate exploration in the RLVR process. 074

Despite this potential, current long-chain reason- 075

ing SFT research focuses exclusively on activating 076

reasoning capabilities (Liu et al., 2025; Guha et al., 077

2025) or data pruning for efficiency (Muennighoff 078

et al., 2025; Yang et al., 2025b). This work ad- 079

dresses the question: How can we train exploration- 080

engaged models for RLVR via fine-tuning? 081

We envision that an ideal initialization for RLVR 082

should exhibit two key characteristics: superior 083

1



initial reasoning accuracy and high initial pol-084

icy entropy. To achieve this, we propose Offline085

eXploration-Aware (OXA) fine-tuning, an algo-086

rithm designed to train on strategically selected087

offline reasoning trajectories. To counteract the088

entropy collapse illustrated in Figure 1, OXA rein-089

forces low-probability trajectories while weakening090

high-probability ones to preserve the smoothness091

of the predictive distribution. Specifically, OXA op-092

timizes two objectives: promoting low-confidence093

verified teacher-distillation data and suppress-094

ing high-confidence incorrect self-distillation data.095

The former internalizes previously uncaptured rea-096

soning trajectories, while the latter redistributes097

probability mass of incorrect paths toward poten-098

tially correct candidates. Since these objectives are099

decoupled, we introduce two variants: a base ver-100

sion of OXA utilizing only the first objective and101

the full OXA framework. While the base version102

accounts for the primary performance gains, the103

full framework synergizes superior performance104

with robust exploration potential.105

We evaluate OXA by applying the SFT-then-106

RLVR paradigm to 4 LLMs ranging from 1.5B107

to 7B parameters. Experimental results across 6108

typical mathematical benchmarks show that OXA109

consistently enhances reasoning capabilities. No-110

tably, it achieves an average improvement of +6111

Pass@1 and +5 Pass@k points compared to con-112

ventional SFT on the 1.5B LLM. Comprehensive113

analysis further demonstrates that OXA not only114

improves performance on challenging problems115

but also significantly expands the reasoning out-116

put space, achieving high initial policy entropy.117

Crucially, these gains persist throughout exten-118

sive RLVR training and are orthogonal to existing119

RLVR-enhancement methods, yielding consistent120

additive improvements.121

2 Related Work122

Training long-chain reasoning LLMs. There123

are primarily three trajectories for training long-124

chain reasoning LLMs. Initial efforts face the125

scarcity of supervised data with annotated reason-126

ing steps. They leverage RLVR to directly train127

pre-trained LLMs to explore self-discovered rea-128

soning paths toward correct answers (DeepSeek-AI,129

2025; Team et al., 2025). This base-model training130

process is termed Zero-RL. However, these models131

often suffer from poor readability and lower per-132

formance ceilings (DeepSeek-AI, 2025). A second133

paradigm involves two stages: first distilling knowl- 134

edge from teacher models (e.g., Zero-RL models) 135

into pre-trained LLMs via SFT for a cold start, 136

then followed by RLVR. Other works extend this 137

by integrating supervised signals from teachers into 138

RLVR to learn superior reasoning trajectories (Yan 139

et al., 2025; Xu et al., 2025; Lv et al., 2025; Zhang 140

et al., 2025a). In this work, we follow the SFT- 141

then-RLVR paradigm, widely validated by vari- 142

ous open-source LLMs (DeepSeek-AI, 2025; Yang 143

et al., 2025a; Xia et al., 2025). 144

Analysis of SFT and RLVR. Although both SFT 145

and RLVR can train long-chain reasoning models, 146

recent works reveal that their learning mechanisms 147

differ. RLVR exhibits a generalization pattern: con- 148

strained by self-generated training samples, it im- 149

proves accuracy by increasing the probability of 150

correct answers, but fails to expand capability by 151

sampling correct answers outside the model’s out- 152

put space (Yue et al., 2025; Mu et al., 2025). In con- 153

trast, SFT tends to memorize training data. By in- 154

troducing new knowledge during distillation, SFT 155

can enhance the model’s capabilities on difficult 156

problems (Kim et al., 2025; Chu et al., 2025). 157

Policy entropy in RLVR. Rooted in informa- 158

tion theory, entropy provides a principled mecha- 159

nism to manage the exploitation-exploration trade- 160

off. Higher policy entropy indicates that the model 161

is more likely to explore diverse reasoning paths, 162

thereby enhancing performance. To maintain high 163

entropy during early training, various efforts have 164

been made, including restricting the update of high- 165

covariance tokens (Cui et al., 2025), adjusting 166

entropy regularization coefficients (Zhang et al., 167

2025b), tuning rollout temperature (Liao et al., 168

2025), adding extra entropy terms to advantage 169

calculations (Cheng et al., 2025), leveraging cumu- 170

lative entropy regulation (Jiang et al., 2025), and 171

elevating entropy control from the token to the se- 172

mantic level (Cao et al., 2025). However, previous 173

works predominantly manipulate RLVR training 174

dynamics but overlook SFT, leaving an open ques- 175

tion: How can we encourage models to explore 176

more reasoning trajectories via SFT? 177

Long-chain reasoning SFT. Recent SFT re- 178

search targeting long-chain reasoning generally fol- 179

lows two directions. The first focuses on eliciting 180

reasoning capabilities in pretrained LLMs. Some 181

studies expand reasoning paths by multi-sample 182

distillation from teacher models (Liu et al., 2025; 183
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Figure 1: Conceptual illustration of entropy collapse versus counteracting entropy collapse.

Guha et al., 2025), while others employ curriculum184

learning or decompose complex structures (Wen185

et al., 2025; An et al., 2025; Luo et al., 2025). The186

second direction focuses on data pruning to en-187

hance training efficiency (Muennighoff et al., 2025;188

Yang et al., 2025b). While our method also involves189

data selection, it is distinct in its objective: rather190

than optimizing for training efficiency, OXA aims191

to cultivate exploration-engaged models that pro-192

vide a superior initialization for subsequent RLVR.193

3 Methodology194

In the SFT-then-RLVR training paradigm, SFT195

models serve as the critical foundation for subse-196

quent reinforcement learning. We hypothesize that197

an ideal SFT model should exhibit superior initial198

reasoning capabilities while simultaneously foster-199

ing exploration-engaged behavior to unlock greater200

RL potential. Specifically, we aim to achieve two201

objectives:202

• Achieving higher initial performance: Pro-203

viding a robust backbone that maintains or am-204

plifies the performance superiority established205

during SFT throughout the RLVR process.206

• Maintaining higher policy entropy: Broad-207

ening the reasoning output space and facilitat-208

ing sampling diverse reasoning trajectories.209

To this end, we propose Offline eXploration-Aware210

(OXA) fine-tuning, an algorithm designed to train211

on strategically selected offline reasoning trajec-212

tories. Specifically, inspired by counteracting en-213

tropy collapse, OXA optimizes the model by pro-214

moting low-confidence correct answers and sup-215

pressing high-confidence errors. The former in-216

creases the likelihood of generating previously un- 217

captured reasoning trajectories, particularly those 218

near the distribution boundaries, while the latter re- 219

distributes probability mass of incorrect reasoning 220

paths toward other potentially correct candidates. 221

Ultimately, OXA yields a model that combines 222

enhanced performance with high initial policy en- 223

tropy. 224

As a purely SFT-based approach, OXA offers 225

two distinct advantages: First, it enhances the ex- 226

ploration capability without changing the RLVR 227

framework, thereby preserving training stability 228

while delivering consistent performance gains. Sec- 229

ond, empirical results demonstrate that OXA is 230

orthogonal to RLVR-enhancement methods, pro- 231

viding additive improvements. 232

3.1 Dissecting Entropy Dynamics 233

Policy entropy, quantifying the smoothness of the 234

predictive distribution of model πθ, is defined as: 235

H(πθ) = −
|V|∑
i=1

pi log pi, (1) 236

where pi represents the probability of the i-th token 237

in the vocabulary V of size |V|. In the context of 238

training long-chain mathematical reasoning LLMs, 239

entropy serves as a direct proxy for the diversity of 240

reasoning paths the model can sample. A higher 241

policy entropy indicates a more uniform distribu- 242

tion of probability mass, enabling the model to ex- 243

plore more candidate outputs. Conversely, a lower 244

entropy characterizes a sharp distribution where the 245

model’s confidence is excessively concentrated on 246

a limited set of tokens, thereby restricting its explo- 247

ration space and limiting the variety of generated 248

reasoning trajectories. 249
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Entropy collapse. When a model is trained to250

convergence, the entropy generally decreases. As251

illustrated in the upper one of Figure 1, this252

phenomenon stems from the model being highly253

aligned with the empirical distribution of the train-254

ing data, including reinforcing the distribution255

peaks while suppressing the troughs.256

Counteracting entropy collapse. To mitigate en-257

tropy collapse, a straightforward strategy is to in-258

versely influence the distribution dynamics: pro-259

moting the probability mass at the distribution260

troughs while suppressing over-confident peaks,261

which is depicted in the lower one of Figure 1.262

3.2 Offline Exploration-Aware Fine-tuning263

A higher policy entropy is preferred for exploration-264

engaged models. However, directly reinforcing the265

probability at the trough and weakening that at266

the peak can severely destabilize the model. OXA267

provides a solution that selectively promotes low-268

confidence truths and suppresses high-confidence269

errors. All reasoning instruction data for this pro-270

cess is curated offline.271

3.2.1 Promote Low-Confidence Truths272

This objective aims to reinforce the model’s proba-273

bility mass in low-confidence regions by training274

on verified teacher-distilled data via the maximum275

likelihood estimation (MLE) criterion. Through276

this process, the model internalizes previously un-277

captured reasoning trajectories, thereby effectively278

expanding its reasoning space.279

Data. Based on the teacher-distilled dataset, we280

first employ the rule-based verifier used during281

RLVR training to filter the data, retaining only282

correct reasoning paths. We then use perplexity283

(PPL) to quantify the model’s confidence in a spe-284

cific reasoning route. For a reasoning trajectory285

S = {s1, s2, . . . , sK}, the PPL is defined as:286

PPL(S) = exp

(
− 1

K

K∑
t=1

log p(st | s<t)

)
, (2)287

where K denotes the sequence length and p(st |288

s<t) is the conditional probability assigned by the289

model πθ. A higher PPL indicates that the model is290

less confident in the trajectory, signifying a hard-to-291

sample reasoning path, while a lower PPL suggests292

the opposite.293

To prevent the training set from being dominated294

by excessively difficult learning samples, we design295

Algorithm 1 Gaussian-Guided PPL Sampling
Input: Dataset D = {(q, r, p, l)} containing query, response,
PPL, and length; Hyperparameters µ, σ, total size N , maxi-
mum responses per query d, PPL range [pmin, pmax] and bin
width w.
Output: Selected subsetR.
1: Step 1: Binning
2: Define M = ⌈(pmax − pmin)/w⌉ bins.
3: Partition D into bins B1, . . . ,BM based on PPL p.
4: Discard samples where p /∈ [pmin, pmax].
5: Step 2: Target Distribution Setup
6: for each bin i ∈ {1, . . . ,M} do
7: Let xi be the center PPL of bin i.
8: Compute density di =

1

σ
√
2π

e−
1
2
(
xi−µ

σ
)2 .

9: end for
10: Normalize counts: Ti ← ⌊N · (di/

∑
j dj)⌋.

11: Step 3: Length-Prioritized Sampling
12: for each bin i ∈ {1, . . . ,M} do
13: Sort Bi by length l in descending order.
14: Initialize bin counter ci ← 0.
15: for each candidate (q, r, p, l) ∈ Bi do
16: if ci < Ti and Count(q) < d then
17: S ← S ∪ {(q, r)}.
18: Count(q)← Count(q) + 1, ci ← ci + 1.
19: end if
20: end for
21: end for
22: returnR

a Gaussian-guided PPL sampling algorithm (Algo- 296

rithm 1). This algorithm samples data according 297

to a predefined Gaussian PPL distribution consist- 298

ing of three key stages: binning, target distribution 299

setup, and length-prioritized sampling. It allows us 300

to explicitly control the PPL distribution centered 301

at µ with a dispersion σ, while enforcing maximum 302

responses per query d. Specifically, an increase in 303

µ shifts the selection toward higher-PPL reasoning 304

paths, while σ modulates the sampling density for 305

data points deviating from the central perplexity. 306

Furthermore, within the same PPL bin, we priori- 307

tize longer responses to enhance the model’s capa- 308

bility in generating complex, multi-step reasoning 309

chains. Hyperparameter details for this sampling 310

process are provided in Appendix A.2. 311

Training. Given a batch of M reasoning trajec- 312

tories BMLE = {S1, S2, . . . , SM} (each with KS 313

tokens) selected for promotion, we adopt the MLE 314

objective by minimizing the cross-entropy loss: 315

LCE = − 1

M ·KS

∑
S∈BMLE

KS∑
t=1

log p(st | s<t). (3) 316

3.2.2 Suppress High-Confidence Errors 317

The second objective of OXA focuses on weaken- 318

ing the probability mass at erroneous peaks by sup- 319

pressing high-confidence but incorrect reasoning 320
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trajectories via the unlikelihood loss. This process321

redistributes the probability mass from incorrect322

paths toward potentially correct alternatives.323

Data. Since the rollouts from a pre-trained LLM324

often suffer from low quality, we first train an325

instruction-following model using a small set of326

teacher-distillation data, then use it to sample rea-327

soning trajectories. After verifying trajectories, we328

calculate the PPL of incorrect ones using the pre-329

trained LLM to assess confidence. Subsequently,330

we select the samples with the lowest PPL that fail331

the verification for suppression.332

Training. Given a batch of N reasoning trajec-333

tories BUL = {S1, S2, . . . , SN} identified as high-334

confidence errors, we apply the token-level unlike-335

lihood loss (Welleck et al., 2020):336

LUL = − 1

N ·KS

∑
S∈BUL

KS∑
t=1

log (1− p(st | s<t)) .

(4)

337

3.2.3 Global Training Objective338

Combining these components, the final OXA ob-339

jective integrates both losses. We introduce a hy-340

perparameter α to weight the unlikelihood loss:341

L = LCE + α · LUL. (5)342

In practice, α is kept small to prevent excessive343

gradient magnitudes that could destabilize train-344

ing. A theoretical analysis demonstrating how a345

large α leads to vanishing or exploding gradients346

is provided in Appendix A.1.347

We evaluate two variants of our framework:348

a baseline version using only the first objective349

(OXAMLE) and the complete framework (OXAFull).350

4 Experiments351

In this section, we demonstrate that OXA is capa-352

ble of evolving pre-trained LLMs into exploration-353

engaged RLVR starting points, possessing superior354

mathematical reasoning capabilities to unlock fur-355

ther RL potential.356

• In Section 4.2, our main experiment shows357

that OXA fulfills two objectives: improving358

initial performance and maintaining higher359

policy entropy.360

• In Section 4.3, we validate the effectiveness361

of OXA when generalizing to two additional362

LLMs and scaling the training data.363

• In Section 4.4, we present extensive ablation 364

studies, including validating each component 365

and hyperparameter, analyzing the impact of 366

long data, assessing generalization to out-of- 367

distribution reasoning tasks, and demonstrat- 368

ing orthogonality to other methods. 369

4.1 Experiment Setups 370

Model. We select several pre-trained LLMs 371

as the training start points. Our main ex- 372

periment is based on Qwen2.5-1.5B-Math and 373

Qwen2.5-7B-Math, hereafter referred to as the 374

1.5B and 7B models, respectively. Our main exper- 375

iment follows the full SFT-then-RLVR paradigm 376

by applying different SFT methods while main- 377

taining the unified RLVR settings. In our model 378

generalization experiment, we also validate OXA 379

on LLaMA3.2-3B-Base and Qwen3-1.7B-Base. 380

Baselines. We choose two baselines. The first 381

is conventional SFT, which uses teacher distilla- 382

tion data as supervised signals to fine-tune pre- 383

trained LLMs. The second is low-PPL preferred 384

SFT (SFTLP), which fine-tunes models using dis- 385

tillation data with the lowest PPL, serving as a 386

contrast to our approach. To ensure fairness, as 387

OXA utilizes 50, 000 teacher distillation samples, 388

we select an equal amount of data randomly for 389

conventional SFT and based on low-PPL prefer- 390

ence for SFTLP. Furthermore, in Section 4.4, we 391

compare OXA with conventional SFT using the 392

full dataset with 2.6 million samples. 393

SFT Details. We use AceReason-1.1-SFT1, a 394

pollution-free dataset containing 2.6 million un- 395

verified DeepSeek-R1 distilled mathematical sam- 396

ples. After tracing back original answers, we 397

use math-verify2 to filter out incorrect reason- 398

ing paths, leaving nearly 2 million samples. We 399

then apply our sampling algorithm to select 50, 000 400

high-PPL correct samples and 50, 000 low-PPL in- 401

correct ones. We separately evaluate OXAMLE and 402

OXAFull. All of the instruction datasets maintain 403

a one-query-to-one-response ratio. Figure 2 (a) il- 404

lustrates the distribution of sequence lengths and 405

PPL for the 7B model’s training data. During fine- 406

tuning, we use a batch size of 128 and a UL loss 407

weight of 10−4 for 6 epochs, with learning rates of 408

2.5×10−4 (1.5B) and 5×10−5 (7B). See Appendix 409

A.3 for more details. 410

1https://huggingface.co/datasets/nvidia/
AceReason-1.1-SFT

2https://github.com/huggingface/Math-Verify
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Model
AIME24 AIME25 BRUMO25 CMIMC25 HMMT25 Minerva Avg. Perf.

Pass@1 Pass@128 Pass@1 Pass@128 Pass@1 Pass@128 Pass@1 Pass@128 Pass@1 Pass@128 Pass@1 Pass@64 Pass@1 Pass@k

Qwen2.5-1.5B-Math
Base 9.4 53.3 4.5 36.7 11.5 40.0 2.4 35.0 0.5 26.7 11.9 62.9 6.7 42.4
SFTLP 20.5 76.7 20.5 53.3 29.8 73.3 9.8 50.0 7.1 40.0 20.7 61.4 18.1 59.1
SFT 23.2 80.0 23.8 60.0 29.0 80.0 11.0 52.5 11.6 50.0 22.3 61.4 20.2 64.0
OXAMLE 35.0 83.3 27.1 66.7 36.1 83.3 14.9 57.5 18.5 60.0 25.7 63.2 26.2 69.0
OXAFull 35.4 80.0 26.7 66.7 34.7 83.3 15.9 62.5 18.2 60.0 22.8 64.0 25.6 69.4
SFTLP† 22.3 70.0 22.6 60.0 29.4 76.7 10.7 45.0 9.5 46.7 22.0 58.5 19.4 59.5
SFT† 27.2 76.7 25.4 60.0 34.6 76.7 11.9 45.0 13.8 56.7 23.3 62.5 22.7 62.9
OXAMLE† 40.1 83.3 27.9 63.3 39.1 83.3 16.4 60.0 19.7 53.3 27.1 65.8 28.4 68.2
OXAFull† 39.0 83.3 29.3 63.3 41.8 76.7 17.4 57.5 19.1 66.7 27.6 65.1 29.0 68.8

Qwen2.5-7B-Math
Base 16.0 63.3 7.3 43.3 9.8 53.3 2.4 35.0 0.6 16.7 13.2 64.0 8.2 45.9
SFTLP 38.4 83.3 29.0 63.3 41.2 86.7 20.5 60.0 19.3 63.3 34.2 62.1 30.4 69.8
SFT 47.5 86.7 34.2 80.0 48.0 83.3 26.8 77.5 24.4 66.7 33.3 65.4 35.7 76.6
OXAMLE 54.5 90.0 39.3 83.3 50.9 90.0 26.6 75.0 24.5 80.0 37.3 65.4 38.8 80.6
OXAFull 50.2 86.7 36.7 83.3 50.9 90.0 24.8 80.0 23.1 70.0 36.3 64.7 37.0 79.1
SFTLP† 42.0 76.7 31.6 66.7 46.1 80.0 23.3 55.0 21.3 56.7 36.7 63.2 33.5 66.4
SFT† 50.9 90.0 35.1 80.0 51.6 83.3 30.3 67.5 23.6 70.0 35.1 64.0 37.8 75.8
OXAMLE† 57.9 83.3 42.0 93.3 54.3 90.0 28.3 65.0 26.5 63.3 38.7 64.3 41.3 76.6
OXAFull† 58.9 83.3 40.8 80.0 54.4 90.0 28.4 60.0 26.6 66.7 38.9 66.9 41.3 74.5

Table 1: Performance comparison of fine-tuning methods and their corresponding RLVR stages. “Base” denotes
the pre-trained LLMs, and †indicates models after RLVR training. Pass@1 scores are averaged over 128 samples,
except for Minerva which is averaged over 64 samples. Best results within each SFT/RLVR group are bolded.

RLVR Details. Our training dataset is a subset411

of DeepScaleR-40K3. For RL training, we use a412

maximum output length of 16, 384, 8 rollouts per413

prompt, a batch size of 64, and a decoding temper-414

ature of 0.85. The learning rate is set to 2× 10−6.415

We train the 1.5B and 7B models for 1, 600 and416

1, 200 update steps, respectively. For each RL ex-417

periment, we report results from the checkpoint418

achieving the peak score on the AIME24 bench-419

mark. See Appendix A.3 for other details.420

Evaluation. We comprehensively evaluate on six421

mathematical benchmarks: AIME24, AIME25,422

BRUMO25 (Balunovic et al., 2025), CMIMC25423

(Balunovic et al., 2025), HMMT25 (Balunovic424

et al., 2025), and Minerva (Lewkowycz et al., 2022).425

We report Pass@1 and Pass@k scores to assess rea-426

soning capabilities, where the latter represents the427

model’s potential to solve problems. To ensure428

stability, Pass@1 is averaged over k samples. We429

set k = 64 for Minerva and k = 128 for all other430

datasets. By default, we generate from the models431

using a temperature of 0.6, a Top-p value of 0.95,432

and a maximum output length of 32, 768 tokens.433

4.2 Main Results434

Results of fine-tuning. We evaluate 1.5B and 7B435

LLMs across four configurations: standard SFT,436

low-PPL SFT (the converse of OXA), and OXA437

in its MLE-only variant and its complete form438

(MLE + UL Objective), denoted as SFT, SFTLP,439

3https://huggingface.co/datasets/agentica-org/
DeepScaleR-Preview-Dataset

Model SFTLP SFT OXAMLE OXAFull

1.5B 15205 15054 15809 15700
7B 13477 12388 12677 13002

Table 2: Average output lengths of fine-tuned Qwen2.5-
1.5B/7B on the AIME24 benchmark.

OXAMLE, and OXAFull, respectively. As summa- 440

rized in Tables 1 and 2, several key observations 441

emerge: (1) Both OXA variants significantly out- 442

perform the baselines; notably, the OXA fine-tuned 443

1.5B model achieves average improvements of +6 444

Pass@1 points and +5 Pass@k points over con- 445

ventional SFT. These gains suggest that OXA not 446

only enhances base reasoning performance but also 447

augments the model’s capability to solve challeng- 448

ing problems. (2) SFTLP consistently underper- 449

forms relative to SFT and lags significantly behind 450

OXAMLE, highlighting the effectiveness of internal- 451

ization low-confidence samples. (3) While OXAFull 452

yields a slightly lower Pass@1 score than OXAMLE, 453

its Pass@k performance remains competitive, in- 454

dicating robust solution diversity. (4) Despite a 455

selection bias toward longer reasoning trajectories, 456

OXA does not substantially alter the average re- 457

sponse length of the model. 458

Results of reinforcement learning. Subse- 459

quently, we perform extensive RLVR training on 460

the fine-tuned LLMs, spanning 1, 600 update steps 461

for the 1.5B models and 1, 200 steps for the 7B 462

models. Based on the results marked with †in Ta- 463

ble 1, we observe that: (1) The performance gains 464

achieved by OXA persist throughout the RLVR pro- 465
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(a) (b) (c) (d)

Figure 2: (a) Sequence length and PPL distributions of the 7B model’s training data. (b) Performance trajectories
of the 7B model fine-tuned with OXAMLE and OXAFull on AIME24. (c) Policy entropy dynamics during RLVR
training for various fine-tuning methods based on the 7B model. (d) Performance gains of SFT and OXAMLE on the
1.5B model and the Minerva benchmark, grouped by the base model’s pass counts.

(a) Qwen2.5-1.5B-Math (b) Qwen2.5-1.5B-Math (c) Qwen2.5-7B-Math (d) Qwen2.5-7B-Math

Figure 3: Pass@k curves of 1.5B and 7B models across different fine-tuning methods on CMIMC25 and HMMT25.

cess, yielding more robust reasoning models upon466

completion of the full SFT-then-RLVR pipeline. (2)467

Compared to OXAMLE, OXAFull achieves superior468

or competitive performance after RLVR training.469

Specifically, Figure 2 (b) illustrates that OXAFull470

exhibits a more rapid performance ascent during471

the RL process, ultimately leading to higher scores.472

Dynamics of policy entropy. Figure 2 (c)473

records the policy entropy dynamics for the 7B474

model during RLVR training. The results indi-475

cate that, compared to SFTLP and conventional476

SFT, OXA models—particularly OXAFull—sustain477

higher entropy levels during the initial training478

phase. This validates the effectiveness of our ap-479

proach in facilitating the sampling of diverse rea-480

soning trajectories.481

Frontiers of reasoning potential. To understand482

the distinct impact of OXA compared to other SFT483

methods, we categorize Minerva’s problems by dif-484

ficulty based on the pre-trained LLM’s pass counts485

across 128 rollouts. Figure 2 (d) shows that OXA486

outperforms SFT across all difficulty levels, par-487

ticularly in the range of 5 to 16, where more chal-488

lenging problems reside, yielding significant gains.489

Moreover, Pass@k results in Figure 3 validate490

that OXA expands the model’s reasoning poten-491

tial. These results consistently demonstrate that492

OXA increases the likelihood of generating previ-493

ously uncaptured low-probability reasoning paths,494

thus enabling the model to solve harder problems.495

4.3 Scaling Analysis 496

Model Generalization. Beyond the Qwen2.5 se- 497

ries, we further evaluate the efficacy of OXA on 498

LLaMA3.2-3B and Qwen3-1.7B models. Notably, 499

LLaMA3.2 serves as a representative of models 500

that have not undergone extensive pre-training on 501

mathematics corpora. Figure 4 (a) and (b) illustrate 502

the average performance across the 6 mathematical 503

benchmarks. Our results demonstrate that OXA 504

consistently achieves the best results with substan- 505

tial performance margins. This is particularly ev- 506

ident in the LLaMA3.2 model, where OXA out- 507

performs vanilla SFT by nearly +6 Pass@1 points 508

and +10 Pass@k points. These findings suggest 509

that OXA yields more pronounced improvements 510

for models lacking mathematics pre-training. 511

Data Scaling. We further investigate the scal- 512

ability of OXA by increasing the training data 513

size from 50, 000 to 150, 000 samples. We 514

report the performance of SFT, OXAMLE, and 515

ARN-1.1-SFT—a strong baseline fine-tuned on the 516

full AceReason-1.1-SFT dataset. ARN-1.1-SFT is 517

trained by fine-tuning Qwen2.5-7B-Math with 2.6 518

million mathematical and 1.3 million code reason- 519

ing trajectories (Liu et al., 2025). As illustrated 520

in Figure 4 (c), scaling the training data signifi- 521

cantly enhances the performance of OXA, which 522

consistently maintains a substantial lead over the 523

SFT baseline. Notably, with only 150, 000 sam- 524

ples, OXA achieves performance nearly on par with 525
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(d)(c)(a) (b)

Figure 4: (a)-(b) Average performance across 6 mathematical benchmarks for LLaMA3.2-3B and Qwen3-1.7B
under various fine-tuning methods. (c) Scalability of SFT and OXAMLE as training data increases, compared
against ARN-1.1-SFT—a model fine-tuned on millions of samples using the same backbone. (d) Generalization
performance of 1.5B variants on out-of-domain benchmarks, including GPQA and MMLU-STEM.

Configuration AIME24 AIME25

Learning rate (1.5B)
3.0e-4 23.8 23.1
2.5e-4 23.2 23.8
1.0e-4 22.8 23.1

Learning rate (7B)
1.0e-4 45.9 35.4
5.0e-5 47.5 34.2
2.0e-5 45.5 32.7

UL loss weight α
5.0e-4 30.2 24.8
3.0e-4 26.7 15.0
1.0e-4 35.4 26.7

PPL sampling interval
2.0-2.5 25.1 22.6
2.5-3.0 27.4 23.6
2.5-3.5 24.9 23.5

σ of Gaussian-guided
PPL sampling

0.5 33.5 24.5
0.25 35.0 26.5
0.1 31.8 26.4

Table 3: Pass@1 scores of different configurations on
AIME24 and AIME25 benchmarks.

the ARN-1.1-SFT model, despite the latter being526

trained on millions of trajectories.527

4.4 Ablation Study528

Q1: Whether each setup of OXA has been em-529

pirically verified? A1: Yes. Table 3 presents530

the results of ablating the hyperparameters used in531

OXA. By default, the experiments are conducted on532

the 1.5B model. The final configurations we use in533

the main experiment are bolded. Gaussian-guided534

PPL sampling outperforms the interval sampling,535

validating the benefit of mixing a small proportion536

of low-PPL data for better optimization.537

Q2: Can OXA models generalize to out-of-538

distribution reasoning tasks? A2: Yes. We fur-539

ther evaluate OXA models on the PhD-level prob-540

lems via GPQA diamond (Rein et al., 2023) and541

MMLU-STEM (Hendrycks et al., 2021). As illus-542

trated in Figure 4 (d), OXA models consistently543

outperform SFT baselines, demonstrating that our544

method effectively enhances the model’s funda-545

mental complex reasoning capabilities.546

(a) (b)

Figure 5: (a) Results of OXAFull with Clip-Cov
(OXAFull+CC) on AIME25. (b) Comparison across
different reasoning data selection strategies on AIME25.
“Low PPL”, “Random”, and “High PPL + Long” corre-
spond to SFTLP, SFT, and OXAMLE, respectively.

Q3: Is OXA orthogonal to other methods? A3: 547

Yes. We combine OXA with Clip-Cov (Cui et al., 548

2025), which is an RLVR-enhanced method that 549

controls entropy by restricting the update of high- 550

covariance tokens to encourage exploration. Fig- 551

ure 5 (a) shows that OXA equipped with Clip-Cov 552

achieves superior performance. 553

Q4: Does OXA only benefit from selecting long 554

data? A4: No. Figure 5 (b) presents a compar- 555

ison where the pre-trained LLM is fine-tuned on 556

long data with low PPL. While this configuration 557

yields marginal improvements over SFTLP, it still 558

lags significantly behind OXAMLE, validating that 559

the effectiveness of OXA stems from the integra- 560

tion of both low-confidence and long data. 561

5 Conclusion 562

We propose OXA to establish exploration-engaged 563

initializations for the RLVR of mathematical LLMs. 564

By leveraging MLE on low-confidence teacher data 565

and unlikelihood training on high-confidence in- 566

correct self-generated samples, OXA effectively 567

boosts reasoning performance, expands the ex- 568

ploration space, and maintains high policy en- 569

tropy. While validated on mathematics, OXA holds 570

promise for other complex domains like code gen- 571

eration, which we defer to future work. 572
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Limitations573

Despite the performance gains, our work has two574

primary limitations. First, compared to vanilla SFT,575

OXAFull incurs additional computational overhead576

due to the requirement of self-distillation reason-577

ing trajectories. This sampling process is more578

resource-intensive than standard SFT. We further579

analyze the computation overhead of OXA in Ap-580

pendix A.4. Second, due to limited computational581

resources, our empirical validation was restricted to582

models ranging from 1.5B to 7B parameters. How-583

ever, we hypothesize that the benefits of OXA will584

be even more pronounced in larger-scale models.585

This is because larger models typically possess a586

greater capacity to internalize the reasoning paths587

with high PPL that smaller models might struggle588

to capture. We leave the exploration of OXA on589

larger model scales for future research.590
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A Appendix810

A.1 Theoretical Analysis of Unlikelihood Loss811

In this section, we analyze the gradient dynamics812

of the Unlikelihood Loss (LUL) compared to the813

standard Cross-Entropy Loss (LCE) to justify the814

necessity of a small scaling factor α.815

Let z ∈ RV denote the logit vector output by816

the model at a specific time step t, where V is the817

vocabulary size. Let pk = softmax(z)k represent818

the predicted probability for token k. For a given819

input context s<t, let xt be the specific token index820

targeted by the loss function (the ground truth token821

for LCE or the negative token to be penalized for822

LUL).823

A.1.1 Gradient of Cross-Entropy Loss824

The gradient of LCE with respect to any logit zj is825

bounded. Specifically:826

∂LCE

∂zj
= pj − 1(j = xt), (6)827

where 1(·) is the indicator function. Since pj ∈828

(0, 1), the gradient magnitude is strictly bounded829

such that
∣∣∣∂LCE
∂zj

∣∣∣ < 1. This ensures stable updates830

regardless of the model’s current confidence.831

A.1.2 Gradient of Unlikelihood Loss832

The unlikelihood objective aims to minimize the833

probability of a negative token xt. The loss is de-834

fined as LUL = − log(1 − pxt). Using the chain835

rule, we derive the gradient with respect to the log-836

its.837

For the target negative token logit (zxt): 838

∂LUL

∂zxt

=
∂LUL

∂pxt

· ∂pxt

∂zxt

839

=
1

1− pxt

· pxt(1− pxt) = pxt . (7) 840

This term is bounded within [0, 1]. However, the 841

instability arises from the gradients with respect 842

to other tokens zj (where j ̸= xt). The derivative 843

of the softmax function for off-target indices is 844
∂pxt
∂zj

= −pxtpj . Thus: 845

∂LUL

∂zj
=

∂LUL

∂pxt

· ∂pxt

∂zj
846

=
1

1− pxt

· (−pxtpj) 847

= −pj ·
(

pxt

1− pxt

)
︸ ︷︷ ︸
Odds Ratio Term

. (8) 848

A.1.3 Instability and Weight Scaling 849

Equation 8 reveals a critical instability mechanism. 850

The gradient for all non-target logits is scaled by 851

the odds ratio of the negative token, pxt
1−pxt

. 852

High-Confidence Errors. Consider a scenario 853

where the model assigns a high probability to a hal- 854

lucinated or incorrect token xt (e.g., pxt = 0.99). 855

In this case, the gradient scaling factor becomes: 856

0.99

1− 0.99
= 99. (9) 857

Consequently, the gradient applied to all other log- 858

its zj is amplified by a factor of roughly 100 com- 859

pared to standard training dynamics. As pxt → 1, 860

this term approaches infinity. 861

If the scaling factor α in the final objective 862

L = LCE + α · LUL is set to 1.0, these exploded 863

gradients from high-confidence errors effectively 864

overwrite the semantic knowledge learned via LCE, 865

leading to catastrophic forgetting or model diver- 866

gence. By setting α to a small value (e.g., 10−4), 867

we counteract the explosion of the odds ratio term, 868

ensuring that the unlikelihood updates remain com- 869

parable in magnitude to the maximum likelihood 870

updates, thus stabilizing the training process. 871

A.2 Preliminary Experiments 872

As illustrated in Figure 6, the performance of mod- 873

els fine-tuned on data subsets from different PPL 874

ranges exhibits significant variance. Specifically, 875
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(a) (b) (c) (d)

Figure 6: Impact of data perplexity ranges on reasoning performance. (a)-(b) Performance on AIME24 of 1.5B
models fine-tuned on various PPL intervals. (c)-(d) Corresponding results for 7B models across different PPL
ranges.

training on data with excessively low PPL (e.g.,876

1.0–2.0) yields suboptimal reasoning capabilities,877

as these samples likely represent patterns the model878

has already mastered, offering limited signal for879

further improvement. In contrast, data with slightly880

higher PPL (e.g., 2.0–3.0) achieves the best perfor-881

mance, as it trains the model to internalize previ-882

ously uncaptured reasoning trajectories.883

However, we also observe that if the PPL is too884

high, the complexity of the reasoning paths may885

exceed the model’s current capacity, leading to op-886

timization difficulties. To strike an optimal bal-887

ance between learning and exploration potential,888

we propose Gaussian-guided PPL sampling. This889

approach allows us to concentrate training on the890

most effective PPL regions while maintaining a891

smooth distribution. Based on these preliminary892

findings, we set the Gaussian mean µ to 2.5 for893

1.5B models and 3.0 for 7B models in our main894

experiments.895

A.3 Detailed Experimental Setup896

Model configurations. To enable long-sequence897

modeling for mathematical reasoning, we adjust898

the rotary positional embedding (RoPE) param-899

eters for the Qwen2.5-1.5B-Math and Qwen2.5-900

7B-Math models. Specifically, we increase rope901

theta from 10, 000 to 1, 000, 000 and extend max902

position embeddings from 4, 096 to 40, 000. For903

LLaMA3.2-3B and Qwen3-1.7B, no modifications904

are required as their native context window of905

32, 768 is sufficient for our experiments. Addi-906

tionally, we remove the system prompt component907

from the tokenizer templates across all models to908

ensure a consistent and simplified input format.909

Data preparation. The first objective of OXA910

involves sampling from teacher-distilled SFT data.911

For Qwen2.5-1.5B-Math, the sampling hyperpa-912

rameters are set as follows: MIN PPL = 1.0, MAX913

PPL = 5.0, BIN WIDTH = 0.05, TARGET STD =914

0.25, and TOTAL SAMPLES = 50, 000. We main- 915

tain these settings for other models while ad- 916

justing the TARGET CENTER: it is set to 2.5 for 917

Qwen2.5-1.5B-Math and LLaMA3.2-3B, and 3.0 918

for Qwen2.5-7B-Math and Qwen3-1.7B. To elicit 919

structured chain-of-thought reasoning, we append 920

the following instruction to each SFT problem: 921

“\nLet’s reason step by step. Enclose the rea- 922

soning process within <think>...</think>, then 923

summarize it and present the final answer within 924

\boxed — for example: <think>reasoning process 925

here</think> \boxedanswer here.” For RLVR train- 926

ing, we use DeepSeek-Distill-Qwen2.5-7B to 927

perform 8-sample generation per query. We se- 928

lect 10, 000 trajectories with pass rates between 929

0.2 and 0.8, effectively filtering out tasks that are 930

either trivial or excessively difficult. 931

Training details. For SFT, the Qwen2.5-1.5B- 932

Math model is trained with a cutoff len of 32, 768, 933

a learning rate of 2.5× 10−4, and 6.0 epochs. We 934

use a warmup ratio of 0.03, weight decay of 0.1, 935

and Adam optimizer with β1 = 0.9, β2 = 0.95, 936

using a global batch size of 128. For other mod- 937

els, we adjust only the learning rates: 5.0 × 938

10−5 for Qwen2.5-7B-Math, and 2.0 × 10−4 for 939

both LLaMA3.2-3B and Qwen3-1.7B. Reinforce- 940

ment learning parameters are kept uniform: train 941

batch size is 64, max response length is 16, 384, 942

actor learning rate is 2.0 × 10−6, KL coefficient 943

is 0.001, with 8 rollouts per query at a tempera- 944

ture of 0.85. In our data scaling experiments with 945

Qwen2.5-7B-Math, we increase the global batch 946

size to 384 and the learning rate to 1.5 × 10−4 to 947

ensure the total number of optimization updates 948

remains consistent with our baseline experiments. 949

We use LLaMA-Factory (Zheng et al., 2024b) and 950

Verl (Sheng et al., 2025) for fine-tuning and rein- 951

forcement learning, respectively. 952
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A.4 Compute Overhead Discussion953

Compared to conventional SFT, the additional com-954

putational overhead of OXA primarily stems from955

two components: PPL estimation for data selection956

and model decoding during self-distillation.957

Efficiency of PPL estimation. While OXA intro-958

duces a PPL calculation step, this process is highly959

efficient in practice. Since PPL estimation is per-960

formed through a single forward pass, the negative961

log-likelihoods of all tokens in a sequence are com-962

puted simultaneously in parallel. This allows the963

selection process to scale efficiently with sequence964

length, avoiding the sequential bottlenecks typical965

of autoregressive generation.966

Self-distillation and mitigation. The primary967

source of extra compute relative to vanilla SFT968

is the generation of high-confidence error trajec-969

tories via self-distillation. However, the cost of970

this phase is significantly mitigated by modern971

inference-time optimizations. In our pipeline, we972

leverage high-throughput inference frameworks973

such as vLLM (Kwon et al., 2023) and SGLang974

(Zheng et al., 2024a), coupled with model quanti-975

zation techniques. These advancements ensure that976

the generation of self-distilled data is both rapid977

and cost-effective, making OXA a practical choice978

for large-scale training.979

A.5 Comparison OXA Fine-Tuning with980

Direct Preference Optimization981

While both OXA and direct preference optimiza-982

tion (DPO) (Rafailov et al., 2023) promote desir-983

able samples and suppress undesirable ones, they984

differ fundamentally in two key aspects:985

Data structure and coupling. DPO is inherently986

a pairwise framework, requiring each training in-987

stance to consist of a triplet: a single query as-988

sociated with both a “chosen” (desirable) and a989

“rejected” (undesirable) response. This constraint990

limits the utilization of unpaired data. In contrast,991

the data requirements for OXA are entirely decou-992

pled. OXA permits queries to be associated with993

only a desirable or only an undesirable response,994

significantly lowering the barrier for data collec-995

tion. Furthermore, this decoupling allows for flexi-996

ble control over the mixing ratio of desirable and997

undesirable samples within each training batch, a998

hyperparameter that can be tuned to balance explo-999

ration and exploitation.1000

Optimization mechanism. The training dynam- 1001

ics of the two methods are distinct. DPO employs a 1002

contrastive loss, which primarily focuses on maxi- 1003

mizing the relative log-probability gap between the 1004

chosen and rejected responses. Conversely, OXA 1005

treats promotion and suppression as two indepen- 1006

dent objectives: the NLL loss focuses on internal- 1007

izing correct reasoning patterns, while the unlike- 1008

lihood loss directly minimizes the probability of 1009

incorrect paths. There is no intrinsic mathematical 1010

linkage between these two objectives in OXA, al- 1011

lowing the model to learn from each type of signal 1012

independently without the need for a direct com- 1013

parison between two specific trajectories for every 1014

query. 1015
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