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Abstract001

The joint optimization of Supervised Fine-002
Tuning (SFT) and Reinforcement Learning003
(RL) has emerged as a prominent paradigm004
for LLM post-training. Current methods, how-005
ever, either sequence these stages or combine006
them with static weights, thereby overlook-007
ing sample differences and model dynamics,008
which can lead to overfitting or reward hacking.009
To address this, we introduce Sample Learn-010
ing State (SLS) characterized by two key met-011
rics: the Degree of Sample Mastery and the012
Dispersion of Exploration Trajectory, which013
capture the dynamic features in the model’s014
handling of samples during the training pro-015
cess. Based on SLS, we design a training-016
state-aware, sample-wise weighting coefficient017
that enables dynamic integration of SFT and018
RL loss, balancing supervised guidance and019
autonomous exploration for synergistic opti-020
mization. Extensive experiments demonstrate021
that our method achieves new state-of-the-art022
(SOTA) results on four in-domain mathemati-023
cal benchmarks and two out-of-domain tasks.024
Moreover, it exhibits strong robustness in multi-025
reward scenarios, effectively mitigating reward026
hacking under auxiliary constraints while main-027
taining stable reasoning performance. We will028
release the code upon publication.029

1 Introduction030

The remarkable capabilities of Large Language031

Models (LLMs) are primarily attributed to the two-032

stage training paradigm: pre-training on massive033

corpora to build foundational knowledge (Vaswani034

et al., 2017; Wei et al., 2022; Touvron et al., 2023a),035

and post-training to elicit specific capabilities and036

align with human values (Stiennon et al., 2020;037

Ouyang et al., 2022). During post-training, Su-038

pervised Fine-Tuning (SFT) (Wang et al., 2023;039

Chung et al., 2024; Zhang et al., 2025b) leverages040

high-quality instruction data to activate latent ca-041

pabilities, whereas Reinforcement Learning from042
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Figure 1: The static weighting scheme for SFT-RL inte-
gration lacks adaptability to different sample types.

Human Feedback (RLHF) (Christiano et al., 2017; 043

Schulman et al., 2017) aligns model behavior with 044

human preferences. More recently, for tasks with 045

objectively verifiable criteria, such as mathematical 046

reasoning, Reinforcement Learning with Verifiable 047

Rewards (RLVR) (Zhang et al., 2025a; Shao et al., 048

2024) has emerged as the predominant approach. 049

Both SFT and RL have inherent limita- 050

tions(Chen et al., 2025a; Chu et al., 2025). SFT 051

is provided with explicit supervision signals, its 052

excessive reliance on imitating reference trajec- 053

tories confines the model to surface-level pattern 054

replication, resulting in spurious reasoning traces 055

that lack logical grounding (Wei et al., 2021; Zhou 056

et al., 2023; Wu et al., 2025). In contrast, RL 057

optimizes reasoning by exploring diverse solu- 058

tion paths, yet when processing complex sam- 059

ples beyond the model’s current capability bound- 060

ary, the absence of effective supervisory guid- 061

ance makes the model susceptible to reward hack- 062

ing and other unintended behaviors (Skalse et al., 063

2022; Gao et al., 2023). Consequently, integrat- 064

ing SFT and RL has become the mainstream strat- 065

egy for LLM post-training. Early non-reasoning 066

LLMs(Ouyang et al., 2022)adopted a sequential 067
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“SFT-RL” pipeline, whereas reasoning models such068

as DeepSeek-R1 employ an interleaved “SFT-RL-069

SFT-RL” scheme (DeepSeek-AI et al., 2025).070

Although these fusion strategies have demon-071

strated notable improvements, they fundamentally072

treat SFT and RL as independent training stages,073

causing the performance ceiling of the RL phase074

to be constrained by the initial model’s capabili-075

ties (Yue et al., 2025; Nguyen et al., 2025), thereby076

impeding policy optimization. To address this lim-077

itation, recent work has explored deeper integra-078

tion of SFT and RL. For instance, LUFFY (Yan079

et al., 2025) guides reasoning by jointly leveraging080

on-policy and off-policy trajectories; KDRL (Xu081

et al., 2025) converts supervision signals into regu-082

larization terms for joint training with GRPO; and083

CHORD (Zhang et al., 2025c) incorporates SFT su-084

pervision into RL training via globally predefined085

weights. Nevertheless, these methods rely on static086

fusion mechanisms, applying globally predefined087

weighting coefficients that remain invariant regard-088

less of model proficiency or sample difficulty.089

We find that predefined static weighting funda-090

mentally limits a deeper synergy between SFT and091

RL. Since different types of samples exhibit signif-092

icantly distinct demands for SFT and RL, a fixed093

weighting scheme cannot simultaneously tailor the094

optimal learning strategy for diverse samples, as095

shown in Figure 1. Where, we categorize the sam-096

ples in OpenR1-Math dataset into three groups097

based on their performances on qwen2.5-math-7b:098

easy samples (at least 3 correct out of 4 rollouts),099

hard samples (at most 1 correct), and others. We100

examine two representative static weighting con-101

figurations. Config1 employs high SFT weights102

and low RL weights, while Config2 adopts the103

opposite one. As shown in Figure 1, under Con-104

fig1, hard samples benefit from strong supervision105

and learn effectively (Config1-Hard), whereas easy106

samples improve rapidly during early training (first107

20 steps) but subsequently overfit and degrade con-108

tinuously (Config1-Easy). Config2 enables steady109

improvement on easy samples (Config2-Easy), but110

insufficient supervision causes hard samples to shift111

optimization focus toward secondary rewards (e.g.,112

formatting compliance), triggering reward hacking113

and rapid degradation on the core task (Config2-114

Hard). These results indicate that predefined fixed115

fusion weights cannot adapt to varying sample116

characteristics, failing to leverage the respective117

strengths of different learning algorithms.118

To address the problem, we propose a way to119

dynamic weighting of SFT-RL integration based 120

on sample learning state to achieve optimal synergy 121

between the two learning methods. To this end, we 122

first introduce the Sample Learning State (SLS), 123

which defines dynamic metrics for the model’s han- 124

dling of samples during the training process. SLS 125

not only varies across samples but also evolves with 126

the model’s training process. Specifically, SLS is 127

a tuple, where the first element is the degree of 128

mastery of the model over a sample under consid- 129

eration, and the second element captures the dis- 130

persion of exploration trajectories on that sample. 131

We then design a training-state-aware, sample-wise 132

weighting coefficient as a nonlinear function of the 133

two elements, enabling dynamic integration of the 134

SFT and RL losses. The mechanism also excels 135

in multi-reward settings, where dynamic weight- 136

ing avoids the common pitfall of core performance 137

degradation caused by over-optimizing secondary 138

rewards (e.g., formatting), a frequent issue with 139

pure RL or static fusion method. 140

Extensive experiments validate the effectiveness 141

of our method. It achieves new State-Of-The- 142

Art (SOTA) across four in-distribution (ID) math- 143

ematical reasoning benchmarks and two out-of- 144

distribution (OOD) tasks on both Qwen2.5-Math- 145

1.5B and 7B models, significantly outperforms 146

all static weighting baselines. Experiments un- 147

der multi-reward settings further demonstrate that 148

our method optimizes auxiliary objectives while 149

maintaining stable improvement on core task per- 150

formance when secondary preference rewards are 151

introduced. In summary, our main contributions 152

are as follows: 153

• We propose the Sample Learning State (SLS) in- 154

cluding the degree of sample mastery and the 155

dispersion of exploration trajectory, which char- 156

acterizes the dynamic variations in the model’s 157

handling of samples during the training process. 158

• Based on SLS, we design a training-state-aware, 159

sample-wise weighting coefficient αi that en- 160

ables dynamic integration of SFT and RL loss, 161

balancing supervised guidance and autonomous 162

exploration for synergistic optimization. 163

• Our method achieves new SOTAs across ID math- 164

ematical reasoning and OOD benchmarks on 165

both Qwen2.5-Math-1.5B and 7B models. It also 166

optimizes auxiliary objectives without compro- 167

mising core reasoning performance when sec- 168

ondary preference rewards are introduced. 169
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2 Related Work170

Existing post-training approaches (Achiam et al.,171

2023; Touvron et al., 2023b; DeepSeek-AI et al.,172

2025) adopt a sequential “SFT warm-up followed173

by RL optimization” pipeline. They are prone to174

deviating from core objectives during exploration175

due to the lack of continuous supervision.176

Subsequent research have developed three main177

approaches for deeper integration. The first is178

Alternating update method (e.g., ReLIFT (Ma179

et al., 2025), SASR (Chen et al., 2025b)), which180

achieve synergy through interleaved RL policy up-181

dates and SFT supervision steps. The second is182

Trajectory-guided method (e.g., LUFFY (Yan et al.,183

2025), SRFT (Fu et al., 2025),TRAPO (Su et al.,184

2025)), which leverages offline expert demonstra-185

tions to constrain RL exploration. The third is Loss186

weighting method (e.g., KDRL (Xu et al., 2025),187

RPO (Liu et al., 2024), CHORD (Zhang et al.,188

2025c)), which incorporates SFT-related penalty189

terms to regularize policy drift.190

Recent work shows that SFT and RL can be uni-191

fied within the same gradient optimization frame-192

work, differing in data sources and gradient weight-193

ing (Lv et al., 2025; Wu et al., 2025), providing a194

theoretical foundation for fine-grained integration.195

3 Method196

3.1 Sample Learning State197

We denote the initial model parameters as θ0. After198

t training steps, the parameters are updated to θt,199

which correspond to the model mθt and its current200

policy πθt . Let S = {(xi, yi)}Ni=1 be N samples201

for post-training.202

For each sample si, we generate an exploration203

trajectory set Oi = {oi,j}Gj=1 by performing G in-204

dependent rollouts on the current model mθt . Each205

trajectory oi,j is associated with a core task reward206

rcorei,j ∈ {0, 1} and a set of K auxiliary preference207

rewards {rki,j}Kk=1 (e.g., format compliance).208

Based on these definitions, we formulate the209

Sample Learning State (SLS) for sample si at210

training step t as a tuple:211

SLSi(t) = ⟨Mi(t), Di(t)⟩ (1)212

where Mi(t) quantifies the model’s proficiency on213

si, and Di(t) characterizes the dispersion across214

exploration trajectories. Together, these compo-215

nents govern the adaptive allocation of SFT and RL216

weights for sample si at the current training stage.217
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Figure 2: SFT performance across sample mastery (M )
levels. Darker colors denote lower mastery.

The Degree of Sample Mastery Mi(t) The mas- 218

tery score Mi(t) measures the reliability of model 219

mθt in completing the core task on sample si, de- 220

fined as the average core task reward across G sam- 221

pled trajectories: 222

Mi(t) =
1

G

G∑
j=1

rcorei,j (2) 223

This metric is intrinsically coupled with the efficacy 224

of SFT: for low-mastery samples (low Mi(t)), ex- 225

ternal supervision effectively rectifies the model’s 226

performance deficiencies. Conversely, for sam- 227

ples that already exhibit consistent task profi- 228

ciency (high Mi(t)), excessive supervision may 229

trigger surface-level overfitting or interfere with 230

the model’s intrinsic reasoning trajectories. 231

To verify this correlation, we divide the OpenR1- 232

Math and GSM8K datasets into five mastery levels 233

(Level 0–4) based on M ∈ [0, 1]. We reserve 100 234

random instances from each level for validation 235

and utilize the remainder for SFT training. 236

As illustrated in Figure 2, the performance gains 237

induced by SFT exhibit a significant negative cor- 238

relation with sample mastery. Specifically, su- 239

pervision drives consistent improvements on low- 240

mastery samples (Level 0), whereas imposing 241

redundant supervision on high-mastery samples 242

(Level 4) yields diminishing returns or even perfor- 243

mance regression. 244

These findings suggest that SFT is paramount 245

for bridging capability gaps in unmastered samples. 246

Conversely, imposing redundant supervision on 247

already-mastered instances risks including surface- 248

level overfitting and disrupting intrinsic reasoning 249

trajectories, thereby undermining generalization. 250
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Figure 3: RL performance across varying dispersion
levels (D). Accuracy and Reward denote the core task
accuracy and the total reward, respectively.

The Dispersion of Exploration Trajectories251

Di(t) The dispersion metric Di(t) measures the252

variability of reasoning trajectories generated by253

model mθt on sample si, defined as the standard254

deviation of the total rewards across G sampled255

trajectories:256

Di(t) = Std
(
{Ri,j}Gj=1

)
(3)257

where Ri,j = rcorei,j +
∑K

k=1 r
k
i,j denotes the com-258

posite reward for the j-th trajectory, aggregating259

the core task alignment and K auxiliary preference260

scores.261

This metric reflects the potential of exploration262

trajectories to yield effective gradient signals for263

policy optimization, and is directly tied to RL train-264

ing efficacy. When Di(t) is high, significant reward265

variance provides highly discriminative contrastive266

signals, facilitating the rapid distinction between267

superior and inferior reasoning paths. Conversely,268

when Di(t) is low, trajectory homogeneity leads269

to ineffective optimization guidance, making the270

model prone to reward hacking by over-optimizing271

auxiliary rewards (e.g., format compliance) at the272

expense of core task objectives.273

To validate this correlation, we construct a com-274

posite reward function comprising a core correct-275

ness reward rcorei,j ∈ {0, 1} and an auxiliary format276

reward rformat
i,j ∈ [0, 2.1]. We partition samples277

from both datasets into three distinct groups based278

on equal-spaced intervals of the dispersion metric279

Di(t) (Low, Medium, and High), and conduct RL280

training independently for each group.281

As illustrated in Figure 3, the high-dispersion282

group exhibits faster reward convergence and sig-283

nificant gains in core task accuracy, whereas the284

low-dispersion group achieves only marginal re- 285

ward growth, often accompanied by regression in 286

core task performance. These findings suggest that 287

when exploration trajectories lack sufficient diver- 288

sity, relative-reward-based policy updates struggle 289

to obtain effective gradient signals, and may instead 290

induce the model to optimize secondary objectives, 291

thereby triggering reward hacking. 292

These experiments conclusively validate the sig- 293

nificant impact of sample heterogeneity on SFT 294

and RL training effectiveness, providing a core 295

rationale for sample-level dynamic fusion: the SFT- 296

RL weight allocation must be adaptively calibrated 297

based on each sample’s real-time learning state. 298

3.2 SLS-Guided Dynamic SFT-RL Fusion 299

Building upon the Sample Learning State 300

SLSi(t) = ⟨Mi(t), Di(t)⟩ defined in Section 3.1, 301

we establish a single-stage, sample-level adaptive 302

SFT-RL joint optimization framework. At training 303

step t, for each sample si, we dynamically cali- 304

brate a fusion weight αi(t) ∈ [0, 1] (omitting t for 305

brevity below) based on its real-time learning state 306

and incorporate it into a unified loss function: 307

L(i)
SLS(θt) = (1− αi)L(i)

SFT(θt) + αiL(i)
RL(θt) (4) 308

The fusion weight αi is defined as: 309

αi = min

(
1, λ

(
eMi − 1

) Di

Dmax

)
(5) 310

where λ > 0 is a scaling factor, and Dmax is the 311

theoretical upper bound of the dispersion under 312

the current reward specification, used to normalize 313

Di across different task and reward settings. The 314

design of αi is guided by three principles: 315

• Mastery-first: αi increases monotonically with 316

Mi, preventing the premature introduction of in- 317

tensive RL exploration before the model estab- 318

lishes effective reasoning capabilities; 319

• Anti-reward hacking: αi curbs surface-level tra- 320

jectory dispersion induced by auxiliary rewards 321

during low-mastery stages, preventing RL opti- 322

mization from deviating from core task; 323

• RL Dominance: αi rapidly elevates the RL 324

weight for high-mastery, high-dispersion samples 325

to fully leverage the contrastive learning signals 326

inherent in diverse trajectories. 327

Equation (5) precisely operationalizes these prin- 328

ciples. When both Mi and Di are low, αi → 0, en- 329

suring SFT dominance to help the model establish 330
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foundational reasoning capabilities. When Di is331

high but Mi remains low, the term eMi − 1 lever-332

ages its exponential characteristics to significantly333

attenuate the growth of αi, preventing over-reliance334

on RL driven by superficial trajectory dispersion335

induced by auxiliary rewards, thereby averting op-336

timization divergence from core task objectives.337

Conversely, when Mi becomes high, the expo-338

nential term grows rapidly, elevating αi for high-339

dispersion samples to fully leverage contrastive340

signals inherent in diverse exploration trajectories,341

while mitigating performance degradation caused342

by excessive supervision.343

Additionally, we introduce a dynamic sample344

filtering mechanism to enhance training efficiency:345

samples that achieve the maximum total reward346

across all G rollouts (i.e., Ri,j = Rmax, ∀j) are347

removed from the current training batch. From348

the SLS perspective, such samples satisfy Mi = 1349

(complete mastery) and Di = 0 (no exploration di-350

versity). Continuing to apply SFT constraints risks351

introducing redundant supervision and inducing352

overfitting, while their homogeneous trajectories353

fail to provide effective gradient signals for RL.354

4 Experimental Setup355

Experimental Data The training set comprises356

32k samples: 30k filtered instances from OpenR1-357

Math-220k (Hugging Face, 2025) (prompts from358

NuminaMath1.5 (LI et al., 2024), responses from359

DeepSeek-R1 (DeepSeek-AI et al., 2025)) and 2k360

samples from GSM8K (Cobbe et al., 2021).361

We evaluate all methods across four math362

benchmarks, including AIME 2024, AIME 2025,363

AMC (Jia LI and Polu, 2024), and MATH-364

500 (Hendrycks et al., 2021), as well as two Out-Of-365

Distribution (OOD) benchmarks, namely MMLU-366

Pro (Wang et al., 2024) and GPQA-Diamond (Rein367

et al., 2024), denoted as GPQA. Given the rela-368

tively small test sets of AIME and AMC, we report369

avg@32 to ensure stability, while reporting pass@1370

for the other benchmarks. All evaluations employ371

a temperature of 0.6 with option shuffling applied372

to multiple-choice tasks to mitigate contamination.373

Training Configuration. Experiments use the374

Qwen2.5-Math series models (Yang et al., 2024)375

with a context length of 8,192. The training batch376

size is set to 32. For each training sample, we gen-377

erate G = 4 trajectories; this generation process is378

accelerated by vLLM (Kwon et al., 2023) using a379

sampling batch size of 64× 4 and a temperature of380

1.0. The learning rate is set to 1×10−5 for SFT; for 381

other methods, we adopt their respective configura- 382

tions, selecting from {1×10−6, 5×10−6}. Hybrid 383

and RL methods train for one epoch, while SFT 384

trains for three. For Equation (5), we set λ = 2, 385

where Dmax denotes the theoretical upper bound 386

of reward standard deviation (Eq. 18). All exper- 387

iments are conducted on four identical NVIDIA 388

A800-80GB GPUs. 389

Baseline Methods. Both Qwen2.5-Math-1.5B 390

and 7B are used as base models, we compare SLS 391

against: (1) Single methods: SFT; GRPO (Shao 392

et al., 2024), group-wise relative policy optimiza- 393

tion; DAPO (Yu et al., 2025), filtering out all- 394

correct and all-incorrect samples from the roll- 395

out buffer. (2) Hybrid methods: SFT-then-RL, 396

a two-stage pipeline where RL (GRPO) training 397

follows an initial SFT phase; LUFFY (Yan et al., 398

2025), utilizing online and offline policies to guide 399

model learning; ReLIFT (Ma et al., 2025), in- 400

terleaved online fine-tuning for hardest questions; 401

CHORD (Zhang et al., 2025c), fusing SFT-RL 402

with preset global weights. 403

5 Experimental Results 404

5.1 Main Experimental Results 405

Performance on Qwen2.5-Math Series. As 406

shown in Table 2, SLS outperforms all base- 407

line methods, establishing new state-of-the-art 408

(SOTA) results. Specifically, it achieves average in- 409

distribution accuracies of 40.6% (1.5B) and 51.8% 410

(7B), while obtaining the highest scores on both 411

OOD benchmarks.Notably, SLS surpasses DAPO 412

by effectively learning from “all-incorrect” sam- 413

ples via adaptive SFT supervision, whereas DAPO 414

simply discards them. To further substantiate the 415

architectural generalizability of SLS, we provide 416

supplementary evaluations on the general-purpose 417

Model GPU Hours Demonstrations Training Steps

1.5B 7B 1.5B 7B 1.5B 7B

SFT 6×4 20×4 32k 32k 3000 3000
GRPO 15×4 36×4 - - 1000 1000
DAPO 10×4 25×4 - - 364 396

LUFFY 20×4 47×4 32k 32k 1000 1000
ReLIFT 16×4 39×4 15k 9k 1000 1000
CHORD 24×4 56×4 32k 32k 1000 1000
SLS 17×4 44×4 17k 10k 771 574

Table 1: Comparison of resource requirements and train-
ing steps of methods.
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Model
In-Distribution (Core Task) OOD

MATH-500 AIME 24 AIME 25 AMC 23 Avg. MMLU-Pro GPQA

1.5B 7B 1.5B 7B 1.5B 7B 1.5B 7B 1.5B 7B 1.5B 7B 1.5B 7B

Qwen2.5-Math

Base 38.6 67.0 4.2 16.7 2.6 7.0 26.4 49.7 18.0 35.1 18.5 34.1 21.7 28.3
Instruct 71.6 82.0 9.7 9.3 7.6 7.9 44.7 49.3 33.4 37.1 30.0 45.7 30.3 32.2

Single Method

GRPO 68.7 82.6 10.0 17.5 5.2 12.8 46.5 59.5 32.6 43.1 27.1 50.0 24.2 36.3
DAPO 67.6 81.2 9.4 16.8 5.2 10.5 42.2 59.3 31.1 42.0 24.3 51.4 25.7 34.3
SFT 65.6 80.8 10.4 24.1 10.9 22.1 39.7 61.1 31.7 47.0 27.1 47.1 12.6 31.8

Hybrid Method

LUFFY 75.4 84.2 13.1 17.9 8.8 14.4 50.5 63.4 37.0 45.0 34.3 52.9 29.3 37.4
SFT-then-RL 73.5 83.1 10.7 20.5 9.0 16.8 44.6 63.1 34.5 45.9 30.3 44.4 23.2 36.5
ReLIFT 74.0 84.6 11.4 23.7 9.3 17.3 48.7 66.8 35.9 48.1 27.1 51.4 24.2 35.9
CHORD 76.2 87.2 13.1 23.2 10.5 19.3 51.3 65.8 37.8 48.9 40.0 51.4 25.8 40.4
SLS 80.2 90.0 14.8 26.9 13.3 21.3 54.2 68.8 40.6 51.8 42.9 54.3 30.8 42.4

Table 2: Overall performance on four math benchmarks and two OOD benchmarks based on Qwen2.5-Math-1.5B
and 7B. Bold and underlined denote the best and second-best results, respectively.

Qwen2.5-7B and the next-generation Qwen3-4B-418

Base in Table 7 of the Appendix.419

Table 1 presents the training efficiency. Com-420

pared to one-epoch SFT-RL fusion baselines, SLS421

requires fewer training steps and utilizes less422

demonstration data. Despite reduced resource con-423

sumption, SLS achieves the best or second-best424

performance acros all individual benchmarks.425

Analysis of Training Dynamics and Exploration426

Capabilities Figure 4 illustrates the Shannon en-427

tropy (Eq. 19) dynamics of RL and SLS during428

the training of Qwen2.5-Math-1.5B. In pure RL,429

entropy exhibits a steady decline, indicating dimin-430

ishing exploration capability and a gradual collapse431
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Figure 4: Training dynamics of entropy during RL and
SLS training.
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Figure 5: Pass@k performance on AIME 2024 and
2025. SLS achieves the best performance in both sam-
pling efficiency (pass@1) and exploration capability
and knowledge boundaries (pass@32).

of the output distribution. In contrast, the entropy 432

of SLS rises rapidly in the initial phase to adapt to 433

the expanded context length and specific training 434

tasks, subsequently stabilizing at a level signifi- 435

cantly higher than that of the RL baseline. This 436

sustained high-entropy strategy enables SLS to con- 437

tinuously explore new strategies and effectively 438

expand its knowledge boundaries. 439

Figure 5 compares the pass@k metrics across 440

different methods and base model on the AIME 441

2024 and AIME 2025 benchmarks. The results in- 442

dicate that SLS outperforms RL in pass@1 and ex- 443

ceeds SFT in pass@32, validating its superior sam- 444

pling efficiency and broader knowledge boundary, 445
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Setting Model In-Distribution (Core Task) OOD Aux.

MATH AIME24 AIME25 AMC Avg. (∆) MMLU-Pro GPQA Score

Base
GRPO 70.0 10.0 5.2 46.5 32.9 27.1 24.2 –
CHORD 76.2 13.1 10.5 51.3 37.8 40.0 25.8 –
SLS 80.2 14.8 13.3 54.2 40.6 42.9 30.8 –

Format
GRPO 0.0 0.0 0.0 0.0 0.0 (-32.9) 0.0 0.0 90.9
CHORD 58.2 5.5 7.2 38.4 27.3 (-10.5) 32.9 27.3 91.6
SLS 79.6 17.1 12.6 50.7 40.0 (-0.6) 34.3 35.4 96.5

Type
GRPO 67.4 8.8 5.6 44.0 31.5 (-1.4) 31.4 25.3 75.8
CHORD 71.4 8.3 7.0 45.7 33.1 (-4.7) 28.6 25.8 32.3
SLS 80.4 14.7 13.3 54.2 40.7 (+0.1) 42.9 28.8 79.8

Table 3: Performance of multi-Reward. Parenthesized values indicate gaps relative to the Base setting. Zeros denote
reward hacking.

respectively. These observations align with the the-446

oretical analysis in Section 3.1: SLS achieves this447

through the synergistic regulation of sample mas-448

tery M and exploration dispersion D. Specifically,449

it strengthens SFT supervision for low-mastery450

samples to consolidate fundamental capabilities451

(high pass@1), while elevating RL weights for452

high-mastery, high-dispersion samples to extend453

knowledge boundaries (high pass@32), thereby454

achieving an optimal balance between sampling455

efficiency and exploration capability.456

Robustness under Multi-Reward Settings To457

investigate the robustness of SLS in multi-objective458

optimization scenarios and verify the synergis-459

tic effectiveness of its core components (M and460

D), we conducted comparative experiments using461

Qwen2.5-Math-1.5B against GRPO (pure RL) and462

CHORD (static hybrid). We established three dis-463

tinct reward configurations: (1) Base: utilizing464

solely the core task reward (rcore); (2) Format:465

augmenting the core reward with format compli-466

ance requirements (rcore + rformat); and (3) Type:467

incorporating a problem classification objective468

(rcore + rtype).469

As detailed in Table 3, the introduction of sec-470

ondary rewards poses significant challenges for471

baseline methods. The pure RL method, GRPO, is472

highly susceptible to reward hacking. In the Format473

setting, the model suffers a catastrophic collapse,474

where generated outputs degenerate into repetitive475

prompt segments, causing core reasoning accuracy476

to plummet to zero across all tasks. Even in the477

Type setting, where no explicit hacking is observed,478

interference from auxiliary signals degrades the479

average core accuracy from 32.9% to 30.5%.480

Although the static SFT-RL hybrid method,481

CHORD, partially mitigates this instability through 482

supervised regularization, it fails to effectively bal- 483

ance competing objectives. Its core performance 484

regresses suffers significantly regression (dropping 485

from 37.8% to 27.3% in the Format setting). Fur- 486

thermore, CHORD struggles to optimize the aux- 487

iliary objective in the Type setting, defaulting to 488

a trivial solution by assigning all questions to a 489

single category. 490

In contrast, SLS demonstrates remarkable robust- 491

ness, maintaining stable core performance across 492

all three scenarios (Base: 40.6%, Format: 40.0%, 493

Type: 40.3%). Simultaneously, it achieves supe- 494

rior alignment with auxiliary preferences, attain- 495

ing scores of 96.5% and 79.8% on Format and 496

Type tasks, respectively, with no evidence of re- 497

ward hacking. 498

These empirical results validate the theoretical 499

design of our dynamic fusion mechanism (Sec- 500

tion 3). Specifically, in scenarios characterized 501

by high dispersion (D) but low mastery (M )— 502

typically involving superficial variations induced 503

by secondary rewards—the exponential damping 504

factor (eMi − 1) effectively suppresses the RL 505

weight. This prevents the optimizer from exploiting 506

easy-to-hack auxiliary signals at the expense of rea- 507

soning logic, ensuring a precise balance between 508

core task mastery and preference alignment. 509

5.2 Ablation Study 510

Impact of Different α Configurations. We per- 511

form ablation studies on Qwen2.5-Math-1.5B un- 512

der the susceptible rcore + rformat reward setting to 513

isolate the contributions of each component: 514

As shown in Table 4, the full SLS model 515

achieves superior performance (40.0% Avg.) com- 516

pared to all variants. The Static and Random 517
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Model In-Distribution OOD Aux.

MATH AIME24 AIME25 AMC Avg. MMLU-Pro GPQA Format

Random 73.5 9.1 9.4 47.5 34.9 18.9 23.2 90.7
Static 75.8 11.2 9.3 45.0 35.3 27.5 21.2 87.3
M -only 78.4 14.9 12.4 52.1 39.5 30.7 23.4 94.5
D-only 77.5 13.2 12.1 48.0 37.7 31.2 24.1 95.4
SLS 79.6 17.1 12.6 50.7 40.0 42.9 28.8 96.5

Table 4: Performance of different α configurations. Static: Fixed αi = 0.5; Random: αi ∼ U(0, 1); M -only:
αi = λ(eMi − 1); D-only: αi = λ Di
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Figure 6: Training dynamics of different α configurations. Left: Average Accuracy on the core task. Right:
Average Generation Length. Static and Random baselines suffer from severe length collapse (indicative of reward
hacking),whereas SLS ensures stable performance improvement.

baselines succumb to catastrophic reward hack-518

ing, evidenced by sharp output length collapse and519

core task degradation (Figure 6), confirming that520

weights independent of sample learning states can-521

not adapt to sample heterogeneity and are easily522

misled by superficial trajectory differences.523

Crucially, the results validate the necessity of524

the dual-dimensional SLS design: the M -only vari-525

ant (39.5%) neglects the exploration dispersion,526

forfeiting RL gains from high-trajectory-variance527

samples, which compromises OOD generalization528

and secondary objective performance; while, the529

D-only variant (37.7%) lacks the mastery con-530

straint, prematurely amplifying RL weights on low-531

mastery samples. This induces a deviation in opti-532

mization objectives (achieving a secondary score of533

95.4% despite the regression of core performance),534

demonstrating that both dimensions are indispens-535

able for robust dynamic fusion.536

Impact of Scaling Factor λ. Table 5 in the Ap-537

pendix demonstrates that SLS maintains robust per-538

formance across settings, with λ = 2 striking the539

optimal balance between supervision and explo-540

ration. Specifically, lower values (λ = 1) result in 541

an SFT-dominated regime, constraining both OOD 542

generalization and the optimization of secondary 543

preferences. Conversely, higher values (λ = 3) 544

amplify the RL influence; while SLS effectively 545

prevents severe reward hacking even in this setting, 546

the excessive exploration compromises stability 547

and degrades core task performance. 548

6 Conclusions 549

The paper proposes Sample Learning State (SLS), 550

which characterizes each sample’s learning state 551

using the degree of sample mastery (Mi) and the 552

dispersion of exploration trajectory (Di). We de- 553

rive a model-state-aware, sample-wise dynamic 554

weighting coefficient (αi) to adaptively integration 555

of SFT and RL, balancing supervised guidance 556

and autonomous exploration. Experiments show 557

that our method achieves new SOTAs with fewer 558

training steps and mitigates reward hacking. Future 559

work will extend SLS to broader domains and more 560

complex instruction-alignment scenarios to assess 561

its cross-domain generality and scalability. 562
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7 Limitations563

Our method is primarily developed for RL with564

verifiable rewards (RLVR), where the sample mas-565

tery score M relies on deterministic binary core566

rewards. In more common RLHF or preference-567

alignment settings, rewards are typically continu-568

ous and noisy, so the stability and interpretability of569

SLS remain to be validated. Moreover, since RLVR570

provides only outcome-level signals, SLS cannot571

assess the quality of intermediate reasoning pro-572

cesses along exploration trajectories; when a model573

reaches a correct answer via unreliable reasoning,574

the sample may be mistakenly treated as “mastered,”575

which can affect learning of core reasoning skills.576

In addition, our training data and main gains are577

concentrated in reasoning tasks, and extending SLS578

to more complex instruction-alignment scenarios579

without objective verification is left for future work.580

Finally, our experiments mainly cover 1.5B and 7B581

models; the behavior of SLS at larger scales and582

its interaction with scaling trends require further583

study.584
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A Experimental Details 857

Dataset. We construct the training set by com- 858

bining 30k filtered samples from OpenR1-Math- 859

220k (Hugging Face, 2025) and 2k randomly sam- 860

pled instances from GSM8K (Cobbe et al., 2021), 861

mixed uniformly unless otherwise stated. For 862

OpenR1-Math, we filter samples by (i) answer cor- 863

rectness verified with math-verify (Face, 2024), 864

(ii) format compliance, (iii) length (< 8192 tokens), 865

and (iv) the absence of hyperlinks. 866

Models. For the Qwen2.5-Math models, we fol- 867

low (Yan et al., 2025) and apply RoPE scaling by 868

setting the RoPE θ from 10,000 to 40,000, which 869

enables a larger context window (16,384). Unless 870

otherwise stated, we cap the maximum generation 871

length at 8,192 tokens. We additionally evaluate 872

on Qwen2.5-7B and Qwen3-4B-Base (Yang et al., 873

2025). 874

Hyperparameters. We use AdamW with β1 = 875

0.9, β2 = 0.999, ϵ = 10−8, and no weight 876

decay. We adopt a constant learning rate 877

schedule with zero warmup steps. The learn- 878

ing rate is 1 × 10−5 for SFT, 1 × 10−6 for 879

GRPO/DAPO/LUFFY/ReLIFT, and 5× 10−6 for 880

CHORD and SLS. For RL-based methods, we sam- 881

ple trajectories with temperature 1.0. We set the 882

per-update prompt batch size to 32, and generate 883

G = 4 rollouts per prompt, resulting in an effective 884

rollout batch of 32× 4 trajectories per update. 885

Evaluation. We use a unified evaluation protocol: 886

temperature 0.6 and max generation length 8,192. 887

Answer correctness is verified by math-verify. 888

All baselines are evaluated under the same settings. 889
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B System Prompts890

We utilize task-specific system prompts. The same891

prompts are used for both training and evaluation892

to ensure consistency.893

Core Task Only.894

You are a helpful AI assistant that provides
detailed thought processes and correct
answers. Your final answer must be placed
within \boxed{}.

With Format Preference.895

You are a helpful AI Assistant that provides
detailed thought processes and correct
answers. Please respond in the following
format:
<think>
[Your step-by-step thinking process here]
</think>
<answer>
[Your clear solution and answer here, with
the answer in \boxed{}]
</answer>

With Problem Type Preference.896

You are a helpful AI assistant that provides
detailed thought processes and correct
answers. Your final answer must be placed
within \boxed{}.
After answering, select the most appropriate
category from: Algebra, Geometry, Number
Theory, Combinatorics, Primary Math,
Calculus, Logic and Puzzles, Inequalities,
or Other. End your response strictly with:
This is a [Category] question.

C Reward Functions897

Unless otherwise specified, the following reward898

configurations are applied consistently across all899

training experiments.900

Core Task Reward. We employ a standard bi-901

nary outcome reward for mathematical reasoning:902

rcore =

{
1, if correct
0, otherwise

(6)903

Format Compliance Reward. To en-904

force a “Think-then-Answer” reason-905

ing paradigm, we mandate that outputs906

strictly adhere to the structural format:907

<think>...</think><answer>...</answer>.908

Furthermore, to alleviate the issue of reward909

sparsity inherent in binary scoring—particularly910

for smaller models—we formulate a fine-grained 911

dense reward function: 912

rformat =

4∑
n=1

wn · I(Cn) (7) 913

where I(·) is the indicator function, and the compo- 914

nents are defined as: 915

w1 = 0.075, C1 : Tag existence (per tag) 916

w2 = 0.10, C2 : Tag uniqueness (per tag) 917

w3 = 0.10, C3 : Order of adjacent pairs 918

w4 = 1.00, C4 : Full answer wrapping 919

Format tags are inherent in the OpenR1 dataset and 920

were manually annotated for GSM8K. 921

Problem Type Reward. To simulate auxiliary 922

preference alignment, we introduce a classification 923

task using OpenR1 problem types as ground truth 924

labels (defaulting to “Primary Math” for GSM8K). 925

The reward is defined as: 926

rtype =

{
1, if prediction matches label
0, otherwise

(8) 927

D Settings for Motivation Experiments 928

This section details the experimental configurations 929

for the motivational analyses presented in Section 1 930

(Figure 1) and Section 3 (Figure 2 and Figure 3). 931

D.1 Dataset Construction and Difficulty 932

Grouping 933

We utilize the full training sets of OpenR1-Math 934

and GSM8K as the data source. Using the 935

Qwen2.5-Math-7B model, we perform G = 4 roll- 936

outs for each sample. Based on the correctness ra- 937

tio, we stratify the samples into five mastery levels: 938

Level-0 for [0, 0.2), Level-1 for [0.2, 0.4), Level-2 939

for [0.4, 0.6), Level-3 for [0.6, 0.8), and Level-4 940

for [0.8, 1.0]. 941

To ensure unbiased evaluation, we randomly 942

sample 100 instances from each level to construct 943

a balanced test set consisting of 500 samples in 944

total. This set is strictly isolated from all train- 945

ing processes. All evaluations regarding secondary 946

preferences are conducted on this dataset. The 947

remaining data constitute the training set for the 948

specific experiments described below. 949
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D.2 Setup for Static Weight Analysis950

Figure 1 investigates static SFT and RL weights by951

evaluating core task capability on the held-out test952

set. We train Qwen2.5-Math-7B on the shuffled953

dataset incorporating format rewards, where an on-954

line replay buffer accumulates filtered trajectories955

for updates. The loss function follows Equation 4,956

compared across two configurations:957

• Config 1 (α = 0.1): SFT-dominant (High SFT958

weight, Low RL weight).959

• Config 2 (α = 0.9): RL-dominant (Low SFT960

weight, High RL weight).961

We run training for 120 update steps and save a962

checkpoint every 20 steps for evaluation. Follow-963

ing Section 1, we define easy samples as having at964

least 3 correct rollouts out of 4, and hard samples965

as having at most 1 correct rollout.966

D.3 Setup for Analysis of the Degree of967

Sample Mastery Mi(t)968

Figure 2 illustrates the relationship between the de-969

gree of sample mastery (Mi(t)) and SFT effective-970

ness by quantifying performance gains on the test971

set. We conduct five independent SFT experiments,972

each utilizing one of the disjoint data subsets cor-973

responding to a specific mastery level (Level-0 to974

Level-4), while maintaining hyperparameters con-975

sistent with the main SFT baseline.976

D.4 Setup for Analysis of the Dispersion of977

Exploration Trajectories Di(t)978

Figure 3 investigates the impact of the dispersion of979

exploration trajectories (Di(t)) on RL optimization980

effectiveness. Specifically, we monitor the total re-981

ward and core task accuracy on the held-out test982

set. We conduct online training using a shuffled983

dataset with both format and core task rewards en-984

abled, evaluating performance across three distinct985

dispersion intervals (High, Medium, and Low).986

E Formula Details987

In this section, we detail the mathematical formu-988

lations for the SFT loss, the GRPO objective, and989

the specific metrics used in our Sample Learning990

State framework.991

Supervised Fine-Tuning (SFT) Loss. For a992

given sample si = (xi, yi), the SFT loss mini-993

mizes the negative log-likelihood of the reference994

reasoning sequence yi. Let yi,<l denote the tokens995

preceding position l: 996

L(i)
SFT(θt) = − 1

|yi|

|yi|∑
l=1

log πθt(yi,l | xi, yi,<l) (9) 997

Dispersion of Exploration Trajectories (Di(t)). 998

Following Section 3.1, we measure trajectory dis- 999

persion for sample si at step t by the standard devia- 1000

tion of the composite rewards across G independent 1001

rollouts: 1002

Di(t) = Std
(
{Ri,j}Gj=1

)
, (10) 1003

where the composite reward for the j-th trajectory 1004

is 1005

Ri,j = rcorei,j +
K∑
k=1

rki,j . (11) 1006

the standard deviation is computed as 1007

Std
(
{Ri,j}Gj=1

)
=

√√√√ 1

G

G∑
j=1

(
Ri,j − R̄i

)2
,

R̄i =
1

G

G∑
j=1

Ri,j .

(12) 1008

Reinforcement Learning (RL) Loss. We em- 1009

ploy the Group Relative Policy Optimization 1010

(GRPO) objective (Shao et al., 2024) as our RL 1011

loss function. Following (Cui et al., 2025; Yu 1012

et al., 2025; Hu et al., 2025), we remove the KL- 1013

divergence regularization term to avoid imposing 1014

additional constraints on policy update magnitudes, 1015

thereby enabling more aggressive exploration in 1016

the early training stages. 1017

For sample si with input xi, we generate a group 1018

of G output trajectories Oi = {oi,1, . . . , oi,G} from 1019

the current policy πθold . The GRPO objective with 1020

PPO-style clipping is defined as: 1021

L(i)
RL(θt) = − 1

G

G∑
j=1

min
(
ρi,jÂi,j ,

clip(ρi,j , 1− ϵclip, 1 + ϵclip)Âi,j

) (13) 1022

where ϵclip = 0.2 is the clipping parameter, and the 1023

importance sampling ratio ρi,j is computed as: 1024

ρi,j =
πθt(oi,j | xi)
πθold(oi,j | xi)

(14) 1025
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Model In-Distribution (Core Task) OOD Aux. Training

MATH AIME24 AIME25 AMC23 Avg. MMLU-Pro GPQA Format Step

λ = 1 78.6 14.5 12.9 50.7 39.2 38.5 26.3 94.4 855
λ = 3 69.8 11.1 9.9 40.6 32.9 32.9 14.1 95.7 913
SLS (λ = 2) 80.2 14.8 13.3 54.2 40.6 42.9 30.8 96.5 779

Table 5: Impact of λ on Qwen2.5-Math-1.5B under the rcore + rformat setting. Bold and underlined denote the best
and second-best results, respectively.

Mixing Strategy In-Distribution (Core Task) OOD Training

MATH AIME24 AIME25 AMC23 Avg. MMLU-Pro GPQA Steps

Random Sampling 79.6 16.4 12.2 54.0 40.6 40.0 30.3 744
Curriculum Learn 79.8 14.7 13.1 54.6 40.6 38.5 27.8 754
Uniform (SLS) 80.2 14.8 13.3 54.2 40.6 42.9 30.8 771

Table 6: Impact of data mixing configurations on Qwen2.5-Math-1.5B. SLS exhibits high robustness across different
sampling strategies, consistently achieving optimal performance on OOD benchmarks.

and Âi,j is the advantage, computed using the1026

group of rewards {Ri,1, Ri,2, . . . , Ri,G} corre-1027

sponding to the trajectories within each group:1028

Âi,j =
Ri,j − mean({Ri,1, Ri,2, · · · , Ri,G})

std({Ri,1, Ri,2, · · · , Ri,G})
(15)1029

Degree of Sample Mastery (Mi(t)). As defined1030

in Section 3.1, we compute the mastery of sam-1031

ple si at step t as the average core reward over G1032

rollouts:1033

Mi(t) =
1

G

G∑
j=1

r̃corei,j , (16)1034

where r̃corei,j ∈ [0, 1] denotes the normalized core1035

reward. If the original core reward already lies1036

in [0, 1] (e.g., rcorei,j ∈ {0, 1} in RLVR), we set1037

r̃corei,j = rcorei,j . Otherwise, we map rcorei,j to [0, 1] via1038

threshold-based normalization with τlow < τhigh,1039

where rewards below τlow are treated as “not mas-1040

tered” and rewards above τhigh as “mastered”:1041

r̃corei,j =


0, rcorei,j < τlow,

rcorei,j − τlow

τhigh − τlow
, τlow ≤ rcorei,j < τhigh,

1, rcorei,j ≥ τhigh.
(17)1042

This makes Mi(t) comparable across different core-1043

reward specifications.1044

Dmax for normalization. In Equation (5), we1045

normalize Di by Dmax. Let Ri,j ∈ [Rmin, Rmax]1046

and define ∆ = Rmax −Rmin. We set1047

Dmax = ∆

√
⌈G/2⌉ ⌊G/2⌋

G2
. (18)1048

Shannon Entropy (H). As an auxiliary indicator 1049

of output uncertainty, we compute the mean token- 1050

level Shannon entropy for the j-th rollout trajectory 1051

oi,j = (oi,j,1, . . . , oi,j,|oi,j |) of sample si under the 1052

current policy πθt : 1053

H(oi,j) = − 1

|oi,j |

|oi,j |∑
l=1

∑
v∈V

πθt(v |xi, oi,j,<l)

· log πθt(v |xi, oi,j,<l) .
(19) 1054

where V is the vocabulary and oi,j,<l denotes the 1055

prefix tokens of oi,j . 1056

F Additional Experimental Results 1057

Impact of the scaling factor λ. We evaluate 1058

the effect of the scaling factor λ in Eq. 5 under 1059

the multi-reward setting rcore + rformat. Table 5 1060

reports the results. Since λ controls the overall 1061

magnitude of the fusion weight αi, smaller values 1062

place more emphasis on SFT, while larger values 1063

increase the contribution of RL. We observe that 1064

λ = 2 achieves the best overall trade-off, with the 1065

highest in-distribution average accuracy and the 1066

strongest OOD performance, while also requiring 1067

fewer training steps. In contrast, λ = 1 performs 1068

slightly worse on the core and OOD benchmarks, 1069

and λ = 3 increases the auxiliary format score but 1070

degrades core and OOD performance. 1071

Impact of data mixing configurations. The two 1072

training sources differ substantially in difficulty: 1073

on the base model, OpenR1-Math-Default attains 1074

12.28% accuracy, while GSM8K reaches 57.43%. 1075
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Model In-Distribution (Core Task) OOD

MATH AIME24 AIME25 AMC23 Avg. MMLU-Pro GPQA

Qwen2.5-7B

Qwen2.5-7B 57.4 7.1 4.8 36.7 26.5 44.2 25.8
Qwen2.5-7B-Instruct 77.0 10.5 7.1 50.8 36.4 62.9 34.3
SFT 69.8 12.6 14.1 40.0 34.1 50.0 18.1
RL 75.4 12.1 6.6 52.0 36.5 57.6 33.8
SLS (Ours) 82.0 15.0 12.8 56.9 41.7 64.3 34.8

Qwen3-4B-Base

Qwen3-4B-Base 69.4 9.7 7.6 45.0 32.9 54.2 32.8
SFT 75.0 16.8 19.1 51.4 40.6 62.9 24.7
RL 82.6 19.0 15.1 60.1 44.2 68.6 39.9
SLS (Ours) 84.4 19.1 16.3 62.3 45.5 72.9 42.4

Table 7: Results on additional base models. Bold and underlined denote the best and second-best results, respectively.

To test whether SLS is sensitive to how these1076

sources are combined, we compare three mixing1077

strategies: (1) random sampling, (2) curriculum1078

learning (from easier to harder samples), and (3)1079

uniform mixing. Table 6 shows that SLS yields1080

comparable in-distribution performance across all1081

strategies (Avg. 40.6%), with only minor variations1082

on OOD benchmarks and training steps. Unless1083

otherwise stated, we use uniform mixing in all ex-1084

periments. These results suggest that the sample-1085

wise dynamic weighting in SLS can adapt to hetero-1086

geneous data without changing the mixing sched-1087

ule.1088

Results on additional base models. To assess1089

the generality of SLS beyond the Qwen2.5-Math1090

family, we further evaluate it on a general-purpose1091

model (Qwen2.5-7B) and a newer base model1092

(Qwen3-4B-Base). As shown in Table 7, SLS1093

achieves the best OOD performance on Qwen2.5-1094

7B, while remaining competitive on in-distribution1095

benchmarks. On Qwen3-4B-Base, SLS attains1096

the best in-distribution average accuracy and the1097

best OOD scores, outperforming both SFT and RL.1098

Overall, these results suggest that SLS transfers1099

across model families.1100
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