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Abstract001

On-policy distillation (OPD) has become a002
promising paradigm for reasoning-oriented003
post-training of large language models (LLMs),004
especially when combined with reinforcement005
learning from verifiable rewards (RLVR). Ex-006
isting OPD methods rely on reverse KL (RKL)-007
based teacher supervision over trajectories sam-008
pled from the student policy. However, we iden-009
tify a critical limitation: under large teacher–010
student policy divergence, RL-driven explo-011
ration often produces trajectories outside the012
teacher distribution, resulting in uninformative013
negative feedback. To address this, we propose014
Teacher-Guided Policy Optimization (TGPO),015
an on-policy reasoning distillation method that016
remains effective under large policy divergence017
settings. Rather than relying solely on eval-018
uative supervision, TGPO uses teacher to di-019
rectly guide token level generation conditioning020
on student-generated contexts; together with021
RLVR-style trajectory level rewards, TGPO022
steers exploration toward improved continua-023
tions. Experiments on reasoning benchmarks024
show that TGPO consistently outperforms ex-025
isting RKL-based OPD methods and remains026
robust across different teacher models.027

1 Introduction028

Reinforcement Learning with Verifiable Rewards029

(RLVR) (Team et al., 2025; Guo et al., 2025) and030

knowledge distillation (Team, 2025; Xiao et al.,031

2026) are two widely used approaches for improv-032

ing the reasoning abilities of LLMs. RLVR enables033

scalable optimization from verifiable outcomes, but034

its reward signals are sparse and uniformly ap-035

plied across all generated tokens, providing lim-036

ited fine-grained feedback. In contrast, knowledge037

distillation offers dense token-level supervision038

from a teacher model but relies on off-policy data.039

Recently, on-policy distillation (OPD) (Agarwal040

et al., 2024; Lu and Lab, 2025; Xu et al., 2025) has041

emerged as a promising paradigm that combines042

Figure 1: RKL vs. TGPO. (a) RKL relies on scalar
rewards to penalize deviation. When the policy gap is
significant, these penalties fail to provide directional in-
formation. (b) TGPO utilizes the teacher’s predicted dis-
tribution as guidance, explicitly informing the student
what to generate next rather than what not to generate.

the advantages of both approaches. Unlike con- 043

ventional teacher-forced distillation, OPD trains 044

the student on trajectories sampled from its own 045

policy while leveraging teacher supervision signals. 046

By aligning training with the student-induced dis- 047

tribution, OPD alleviates the mismatch between 048

training and inference and naturally complements 049

RLVR-based reasoning optimization. 050

Most existing OPD methods formulate teacher 051

supervision through reverse KL (RKL)-based ob- 052

jectives. As detailed in Section 2, such objectives 053

mainly provide evaluative supervision, rewarding 054

trajectories preferred by the teacher while penaliz- 055

ing unlikely ones. In practice, existing OPD meth- 056

ods often reduce teacher–student policy divergence 057

before applying on-policy distillation. For example, 058

prior work constructs teacher–student pairs within 059

the same model family (Agarwal et al., 2024), em- 060

ploys self-teaching strategies (Hübotter et al., 2026; 061

Zhao et al., 2026), or introduces additional interme- 062

diate training stages to increase distribution over- 063

lap (Lu and Lab, 2025; Xu et al., 2025). These 064
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design choices suggest that RKL-based OPD meth-065

ods implicitly rely on sufficient overlap between066

teacher and student trajectory distributions for ef-067

fective supervision.068

However, we argue that this dependence on dis-069

tribution overlap reflects a fundamental limitation070

of RKL-based supervision: the teacher primarily071

evaluates sampled trajectories and does not pro-072

vide explicit guidance toward better continuations.073

As a result, the student must rely on exploration to074

discover teacher-preferred trajectories. This limita-075

tion becomes more severe when the student policy076

drifts far from the teacher distribution, as we ana-077

lyze in Section 2. In such cases, the teacher assigns078

near-zero probability to many student-generated079

tokens, causing optimization to be dominated by080

uninformative negative feedback rather than useful081

directional guidance. Such token-level penalties082

can further degrade the quality of sampled trajec-083

tories. When combined with RLVR optimization084

(e.g., GRPO) in reasoning-oriented post-training,085

this issue can destabilize optimization, as sampled086

groups become increasingly dominated by poor087

trajectories (Le et al., 2025).088

To address these limitations, we propose089

Teacher-Guided Policy Optimization (TGPO), an090

on-policy reasoning distillation framework de-091

signed to provide informative supervision even un-092

der large teacher–student divergence. As illustrated093

in Figure 1, unlike RKL-based objectives, which094

evaluate the teacher’s likelihood of the student’s ac-095

tions, TGPO queries the teacher for the optimal ac-096

tion conditioned on the student’s generated context.097

By maximizing the likelihood of teacher-predicted098

tokens during RLVR, TGPO leverages the explo-099

ration benefits of on-policy sampling while re-100

taining the constructive supervision of supervised101

learning. This mechanism enriches traditional on-102

policy RL with fine-grained token-level supervi-103

sion, bridging the gap between sparse outcome104

rewards and dense teacher guidance. Based on this105

perspective, we make the following contributions:106

• We analyze the limitations of RKL-based OPD107

and empirically show that its effectiveness de-108

pends on sufficient teacher–student distribution109

overlap.110

• We propose TGPO, an on-policy reasoning dis-111

tillation framework that provides token-level112

teacher guidance on student-generated trajecto-113

ries, enabling effective supervision under large114

teacher–student divergence.115

• Experiments on reasoning benchmarks show that 116

TGPO improves the robustness of OPD under 117

large teacher–student divergence, even outper- 118

forming the mixed-policy approach. 119

2 RKL Limitations in LLM Distillation 120

In this section, we analyze the limitations of prior 121

RKL-based on-policy distillation methods. We first 122

formulate the RKL objective in Section 2.1, then 123

show why RKL-based supervision becomes unsta- 124

ble under large teacher–student distribution diver- 125

gence in Section 2.2. Finally, Section 2.3 provides 126

empirical evidence supporting the analysis. 127

2.1 RKL-Based On-Policy Distillation 128

Given a prompt dataset D = {x}, we aim to train a 129

student policy πθ(·|x) to approximate a fixed, supe- 130

rior teacher policy πT (·|x). On-policy distillation 131

(OPD) (Gu et al., 2023; Team et al., 2024; Agarwal 132

et al., 2024) achieve this by minimizing the RKL 133

divergence over student-generated responses y: 134

JRKL(θ) = Ex∼DDKL(πθ||πT )

= Ex∼D,y∼πθ(·|x)

[
log

πθ(y|x)
πT (y|x)

]
.

(1) 135

Unlike Forward KL or supervised fine-tuning, 136

which rely on teacher-generated samples, the RKL 137

objective takes expectations over responses sam- 138

pled from the student policy itself. This on-policy 139

formulation shares the same expectation structure 140

as RL objectives, where optimization is also per- 141

formed over trajectories sampled from the current 142

policy. As a result, RKL-based distillation can be 143

naturally interpreted within an RL framework. 144

Let r(y) denote the reward assigned to a sampled 145

sequence y. Standard RL objectives can then be 146

written as: 147

JRL(θ) = Ex∼D,y∼πθ(·|x) [r(y)] . (2) 148

Comparing Eq. 1 and Eq. 2, minimizing JRKL is 149

equivalent to maximizing JRL with intrinsic reward 150

r(y) = − log πθ(y|x)
πT (y|x) , enabling OPD to be natu- 151

rally optimized within standard RL frameworks. 152

2.2 The Limitations of RKL-based Methods 153

Despite its simple formulation, the RKL objec- 154

tive introduces optimization challenges under large 155

teacher–student distribution gaps. In this section, 156

we analyze this issue by viewing RKL as an in- 157

trinsic reward within an RL framework, following 158
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Figure 2: Comparison of RKL distillation dynamics. We distill a Qwen2.5-Math-1.5B student using either an
In-Family teacher (Qwen2.5-Math-7B) or a Cross-Family teacher (Qwen3-30B-A3B). While the In-Family setting
converges stably, the Cross-Family setting exhibits catastrophic instability, characterized by sharp training score
degradation (Left), gradient norm spikes (Middle), and unbounded response length growth (Right).

recent studies on RKL-based OPD (Xu et al., 2025;159

Lu and Lab, 2025).160

Let ρ(y) = πθ(y|x)
πT (y|x) denote the density ratio. The161

intrinsic reward − log ρ(y) decreases monotoni-162

cally with ρ(y). Since trajectories y are sampled163

from the student policy πθ(·|x), they are concen-164

trated in regions where the student already assigns165

high probability. Consequently, the optimization166

dynamics mainly fall into two regimes: 1:167

• ρ(y) ≈ 1 (Consensus): The generated trajec-168

tories lie within the teacher’s high-probability169

support. In this case, the density ratio is close170

to one, leading to a near-neutral intrinsic reward171

(− log ρ(y) ≈ 0).172

• ρ(y) ≫ 1 (Rejection): The student assigns high173

probability to trajectories that receive low proba-174

bility under the teacher policy. This produces a175

large density ratio and a strong negative reward176

(− log ρ(y) ≪ 0).177

In the Consensus regime, successful rollouts are178

naturally reinforced by the RL algorithm. How-179

ever, in the Rejection regime, the teacher functions180

merely as a punitive critic, providing only nega-181

tive scalar feedback without guidance toward bet-182

ter actions. As a result, the student must explore183

the large action space through inefficient trial-and-184

error, which often leads to optimization stagnation.185

As illustrated in Figure 1(a), the lack of directional186

correction makes escaping the low-reward region187

computationally intractable.188

Beyond the lack of directional guidance, RKL-189

based objectives also exhibit asymmetry in reward190

scaling. While the density ratio ρ(y) becomes un-191

bounded from above when πT (y|x) → 0, it is192

1Because sampling is performed from πθ , trajectories with
πθ(y|x) ≪ πT (y|x) (i.e., ρ(y) ≪ 1) are rarely observed
in practice. As a result, the student seldom receives strong
positive rewards for trajectories favored by the teacher but not
yet covered by the student policy.

lower-bounded by the student’s own probability 193

πθ(y|x). Because trajectories are sampled from the 194

student policy, the ratio rarely falls far below 1. As 195

a result, negative penalties can dominate positive 196

rewards by a large margin. This imbalance allows 197

a single “bad" sample to produce gradients that 198

overwhelm the accumulated positive signals from 199

“good" samples, leading to unstable optimization. 200

We provide a detailed analysis in Appendix A. 201

2.3 Empirical Validation 202

Based on our analysis, we conjecture that train- 203

ing stability and performance degrade when the 204

student frequently generates trajectories with high 205

density ratios (ρ(y) ≫ 1). To validate this hypoth- 206

esis, we train a Qwen2.5-Math-1.5B student under 207

two configurations that induce different levels of 208

teacher–student distributional shift2: 209

• In-Family Distillation: We use Qwen2.5-Math- 210

7B as the teacher. Since the teacher and student 211

belong to the same model family and share sim- 212

ilar training distributions, the resulting distribu- 213

tion mismatch is relatively small. 214

• Cross-Family Distillation: We use Qwen3-30B- 215

A3B as the teacher.3 Compared to the student, 216

this teacher exhibits different reasoning behav- 217

iors and output distributions, leading to a larger 218

distribution mismatch. 219

Result. Figure 2 shows the training dynamics un- 220

der the two settings. Although training uses only 221

the intrinsic RKL reward, we report the average 222

task reward on the training set to evaluate outcome 223

correctness. The two settings exhibit markedly 224

different behaviors. In the In-Family setting, the 225

2Detailed experimental settings and hyperparameters are
provided in Appendix B.1.

3We use the reasoning-oriented “thinking” MoE model
as a proxy for a strong general-purpose model that differs
substantially from the specialized math student.
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Figure 3: Overview of the TGPO. The Policy Model generates a group of rollouts {yi}gi=1 conditioned on input x.
At each step, the Teacher Model provides dynamic token-level guidance by predicting the optimal target token yT

based on the student’s current prefix. This dense guidance signal (J) complements the outcome-based advantage
(A) derived from the Rule-based Verifier to update the policy.

student converges steadily and achieves consis-226

tent improvements in task accuracy, indicating that227

RKL provides stable supervision when πθ and πT228

are initially well aligned. In contrast, training in229

the Cross-Family setting becomes highly unsta-230

ble. Consistent with our analysis of the “Rejection”231

regime, we observe three failure modes: (1) Per-232

formance Collapse, where task rewards fail to im-233

prove consistently; (2) Exploding Gradients, where234

persistently large gradient norms suggest that un-235

bounded penalties destabilize optimization; and236

(3) Distributional Divergence, where the student237

rapidly deviates from its initial distribution (e.g.,238

pathological response length drift) after only ∼100239

training steps. When combined with GRPO, these240

instabilities can further increase the likelihood of241

groups dominated by low-reward samples.242

3 Teacher-Guided Policy Optimization243

To address the limitations discussed in Section 2,244

we propose Teacher-Guided Policy Optimization245

(TGPO), a new on-policy distillation algorithm for246

reasoning-oriented LLM training. Instead of using247

the teacher for evaluative supervision, TGPO refor-248

mulates teacher feedback as directional guidance249

for policy optimization. Combined with RLVR250

training, TGPO integrates teacher guidance more251

effectively while preserving the exploration bene-252

fits of RL-based optimization.253

3.1 Guidance on Student Trajectories254

Similar to RKL-based methods, our approach re-255

mains fully on-policy and relies only on trajectories256

sampled from the student policy πθ. Given an input257

x, the student autoregressively generates a trajec- 258

tory y ∼ πθ(· | x), where each token yt is sampled 259

conditioned on the prefix y<t. 260

To address the lack of corrective guidance in 261

RKL, we introduce a teacher-guided objective de- 262

fined on student-visited states. As illustrated in 263

Figure 3, for each student prefix y<t, we query 264

the teacher policy and select its highest-probability 265

next token: yTt = argmaxv∈V πT (v | x, y<t), 266

where V denotes the vocabulary. All teacher tar- 267

gets are computed from the generated trajectory 268

in a single teacher forward pass, without iterative 269

querying during decoding. 270

We then train the student to increase the likeli- 271

hood of the teacher-preferred token at each visited 272

state. The guidance objective JG is defined as: 273

JG(θ) = Ex∼D, y∼πθ

− |y|∑
t=1

log πθ(y
T
t | y<t)

 . 274

Unlike the RKL objective, which only evalu- 275

ates the student’s sampled actions, our objective 276

directly provides teacher-preferred continuations 277

on the states visited by the student. This gives the 278

student explicit guidance toward promising regions 279

of the trajectory space, which may be difficult to 280

discover through exploration alone. 281

Mechanistically, the objective resembles the 282

teacher-forcing loss used in SFT. However, a key 283

distinction lies in the trajectory distribution: our 284

samples y are drawn from the student policy (πθ) 285

rather than the static ground truth. This ensures 286

that the teacher’s guidance is dynamic; it corrects 287

the student based on the student’s actual current 288

4



state, thereby mitigating the distribution shift and289

exposure bias issues associated with offline SFT.290

3.2 Integrating Guidance into GRPO291

Because the proposed guidance objective is fully292

on-policy, it can be naturally integrated into RLVR293

methods such as Group Relative Policy Optimiza-294

tion (GRPO) (Shao et al., 2024). Given a query295

x ∼ D, the policy πθ generates a group of G out-296

puts {yi}Gi=1. Following recent work (Yu et al.,297

2025; He et al., 2025; Liu et al.), we omit the ex-298

plicit KL regularization term with respect to a ref-299

erence policy. The GRPO objective is defined as:300

JRL(θ) = Ex∼D,{yi}Gi=1∼πθ

 1

Z

G∑
i=1

|yi|∑
t=1

ρi,t(θ)Ai

301

where Z =
∑

i |yi| normalizes by the total num-302

ber of generated tokens, ρi,t(θ) =
πθ(yi,t|x,yi,<t)
πθold (yi,t|x,yi,<t)

303

denotes the importance sampling ratio, and Ai =304
ri−µ
σ denotes the normalized group advantage.305

Existing OPD methods typically combine dis-306

tillation and RLVR signals through either reward307

shaping or differentiable teacher regularization.308

The main difference is whether teacher feedback is309

treated as a scalar reward on sampled trajectories310

or as a direct optimization target toward teacher-311

preferred continuations.312

For TGPO, we adopt the latter formulation. Re-313

ward shaping is less suitable in our setting be-314

cause GRPO updates the sampled student token315

yi,t, while the guidance signal is defined on the316

teacher target token yTi,t. Using the guidance score317

as a scalar reward therefore introduces a mismatch318

between the optimized action and the supervised319

target. Instead, we directly optimize the likelihood320

of teacher targets conditioned on student-generated321

trajectories:322

JTGPO(θ) = JRL(θ) + wJG(θ), (3)323

where w controls the strength of teacher guidance.324

Strong guidance is useful in the early stage of325

training, but overly rigid supervision may later re-326

strict exploration. To balance imitation and ex-327

ploration, we linearly decay the guidance weight328

during training: wt = max(winit − δ · t, 0), where329

winit is the initial guidance weight, t is the current330

training step, and δ is the decay rate. This schedule331

gradually shifts training from teacher-guided opti-332

mization toward pure reward-driven optimization.333

We use the annealed formulation as the default334

TGPO setting, and refer to the variant with a fixed 335

guidance weight as TGPO w/o annealing. 336

4 Experimental Setup 337

Model and Dataset Construction. Following 338

previous work (Yan et al., 2025; Liu et al.; Zeng 339

et al., 2025), we adopt Qwen2.5-Math-7B (Yang 340

et al., 2024) as our default base model. We 341

adopt Qwen3-30B-A3B (Team, 2025) as the teacher 342

model, aligning with the Cross-Family setting de- 343

scribed in Section 2.3. We use OpenR1-Math-46k- 344

8192 (Yan et al., 2025), a subset of OpenR1-Math- 345

220k (Hugging Face, 2025), as the training prompt 346

set. To enable direct comparison with off-policy 347

and mixed-policy methods, we sample teacher re- 348

sponses for OpenR1-Math-46k-8192 and filter in- 349

correct outputs using Math-Verify4. This process 350

yields 35k prompts with corresponding off-policy 351

reasoning traces.5 We further evaluate TGPO with 352

Qwen2.5-Math-1.5B as the student model to study 353

performance under a larger teacher–student gap. 354

Additional details are provided in Appendix C. 355

Benchmarks and Metrics. We assess perfor- 356

mance across six widely-adopted mathemati- 357

cal reasoning benchmarks: AIME24, AIME25, 358

AMC (Li et al., 2024), Minerva (Lewkowycz et al., 359

2022), OlympiadBench (He et al., 2024), and 360

MATH500 (Hendrycks et al., 2021). For AIME24, 361

AIME25, and AMC, we report avg@32 due to 362

their relatively small evaluation sets; for the re- 363

maining benchmarks, we use standard pass@1. 364

To evaluate out-of-distribution generalization be- 365

yond mathematics, we additionally report results on 366

ARC-c (Clark et al., 2018), GPQA-Diamond (Rein 367

et al., 2024) (denoted as GPQA∗), and MMLU- 368

Pro (Wang et al., 2024). During inference, we use 369

a sampling temperature of 0.6. We also shuffle 370

multiple-choice options to reduce position bias and 371

mitigate potential data contamination. 372

Baseline Methods. We compare TGPO against 373

both on-policy reasoning baselines and off- 374

policy/mixed-policy methods. The on-policy base- 375

lines fall into two categories: RKL-based meth- 376

ods and pure RLVR methods. For RKL-based 377

approaches, we include OP Distill (Lu and Lab, 378

2025), which uses the RKL log-ratio as the advan- 379

tage signal, and KDRL (Xu et al., 2025), which 380

4https://github.com/huggingface/Math-Verify
5These traces are used only for off-policy and mixed-policy

methods, while TGPO requires prompts only.
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Model In-Distribution Performance Out-of-Distribution Performance

AIME 24/25 AMC MATH-500 Minerva Olympiad Avg. ARC-c GPQA∗ MMLU-Pro Avg.

Original Models
Qwen2.5-Math-7B 11.5/4.9 31.3 43.6 7.4 15.6 19.0 18.2 11.1 16.9 15.4
Qwen3 59.5/49.8 85.3 96.0 52.9 68.0 68.6 94.1 65.2 80.0 79.8
Qwen3-8192 25.1/17.4 52.2 86.2 47.4 47.7 46.0 93.8 49.0 76.5 73.1

Off-Policy and Mixed-Policy Methods
SFT 12.9/15.1 45.3 80.4 42.3 41.0 39.5 73.1 20.2 44.9 46.1
LUFFY 19.6/14.9 57.6 83.6 38.6 51.9 44.4 80.1 38.9 50.1 56.4

On-Policy Methods
SimpleRL-Zero 27.0/6.8 54.9 76.0 25.0 34.7 37.4 30.2 23.2 34.5 29.3
PRIME-Zero 17.0/12.8 54.0 81.4 39.0 40.3 40.7 73.3 18.2 32.7 41.4
Oat-Zero 33.4/11.9 61.2 78.0 34.6 43.4 43.7 70.1 23.7 41.7 45.2
GRPO++ 19.5/15.8 58.3 82.2 37.5 47.3 43.4 77.4 32.3 46.9 52.1
KDRL 17.2/14.4 55.8 83.6 36.0 43.4 41.7 78.4 35.4 46.9 53.6
OP Distill 5.7/4.5 29.9 64.0 23.2 27.1 25.7 26.1 6.1 23.0 18.4

TGPO w/o annealing 20.1/16.0 58.6 83.6 37.9 48.1 44.1 81.2 37.9 48.9 56.0
TGPO 21.1/17.9 60.2 84.4 40.4 49.8 45.6 82.8 37.4 50.1 56.8

Table 1: In-distribution and out-of-distribution performance based on Qwen2.5-Math-7B. We primarily benchmark
against on-policy reasoning baselines, while also including off-policy and mixed-policy methods for comparison.
The teacher model employed is Qwen3-30B-A3B (Qwen3); we additionally report its performance with a maximum
generation length of 8192 tokens (Qwen3-8192). All models are evaluated under a unified setting. Bold indicates
the best result, and underline indicates the second best (excluding the teacher model).

augments the GRPO objective with RKL regu-381

larization. We further compare against four pure382

RLVR variants: (1) SimpleRL-Zero, trained with383

standard rule-based rewards; (2) Oat-Zero (Liu384

et al.), which adopts Dr.GRPO for simplified ad-385

vantage computation and loss normalization; (3)386

PRIME-Zero (Cui et al., 2025), which derives im-387

plicit process rewards from policy rollouts and out-388

come labels; and (4) GRPO++, which removes the389

explicit KL penalty and introduces token-level su-390

pervision. For completeness, we also report results391

for two off-policy or mixed-policy methods: (1)392

SFT, fine-tuned on teacher-sampled responses, and393

(2) LUFFY (Yan et al., 2025), which incorporates394

teacher-sampled trajectories as auxiliary supervi-395

sion during RLVR training. Detailed training con-396

figurations are provided in Appendix B.1.397

5 Experimental Results398

5.1 Main Results399

Table 1 reports results on both in-distribution (ID)400

math tasks and out-of-distribution (OOD) reason-401

ing benchmarks. TGPO w/o annealing achieves bet-402

ter performance than on-policy methods, while re-403

maining competitive with the strong mixed-policy404

baseline LUFFY. TGPO further improves over the405

no-annealing variant and achieves the best average406

performance on both ID and OOD benchmarks,407

highlighting the benefit of gradually annealing408

teacher guidance strength.409

On ID benchmarks, TGPO improves over KDRL 410

by 3.9 points (45.6 vs. 41.7). It also avoids the train- 411

ing collapse observed in OP Distill, indicating more 412

stable optimization under on-policy exploration. 413

Beyond on-policy distillation methods, TGPO also 414

outperforms strong baselines from other training 415

paradigms, including LUFFY (44.4) and the RLVR 416

baseline GRPO++ (43.4). On OOD benchmarks, 417

TGPO achieves the highest average score of 56.8, 418

improving over SFT by 10.7 points (56.8 vs. 46.1). 419

It also exceeds LUFFY on challenging reasoning 420

tasks such as ARC-c (82.8 vs. 80.1), suggesting that 421

teacher-guided on-policy training improves gener- 422

alization to unseen reasoning tasks. 423

5.2 Training Dynamics and Stability Analysis 424

We analyze the training dynamics of TGPO and 425

several baselines (GRPO++, KDRL, OP Distill, 426

and LUFFY) using three metrics: training reward, 427

response length, and gradient norm. 428

Figure 4 shows that TGPO maintains stable train- 429

ing dynamics compared to RKL-based methods 430

(OP Distill and KDRL). Specifically, OP Distill ex- 431

hibits early reward collapse (Left), severe response 432

length explosion (Middle), and large gradient fluc- 433

tuations (Right). When RKL-based supervision is 434

combined with the RLVR framework, as in KDRL, 435

the instability in response length and gradient norm 436

is partially mitigated. However, its training re- 437

ward remains lower than the pure RLVR baseline 438
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Figure 4: Training Dynamics Analysis. (Left) Training reward. TGPO demonstrates robust growth and convergence
compared to RKL-based methods (i.e., KDRL, OP Distill). (Middle) Response length. TGPO avoids OP Distill’s
length explosion and aligns with GRPO++’s stability. (Right) Gradient norm. TGPO shows stable optimization
compared to the high variance in OP Distill, KDRL and LUFFY.

Teacher Model AMC MATH Olympiad GPQA∗ Avg.

No Teacher 58.3 82.2 47.3 32.3 55.0
R1-Distill-Qwen-32B 57.8 83.4 47.4 40.9 57.4
Qwen3-30B-A3B 60.2 84.4 49.8 37.4 58.0

Table 2: Ablation study on different teacher models.
We compare the performance of TGPO when guided by
different teacher policies with a no-teacher baseline.

GRPO++, suggesting that RKL-based OPD still439

negatively affects RLVR optimization. In contrast,440

TGPO converges stably with controlled response441

lengths while achieving stronger final benchmark442

performance than GRPO++, as shown in Table 1.443

These results suggest that TGPO effectively com-444

bines on-policy exploration with teacher supervi-445

sion under large teacher–student divergence.446

Finally, although LUFFY appears to achieve the447

highest training reward, this value is likely inflated448

by its strategy of including a ground-truth sample449

in each training group, which may also lead to450

response length instability and large gradient norm451

fluctuations observed in Figure 4.452

5.3 TGPO with Different Teachers453

To evaluate whether TGPO generalizes across dif-454

ferent teacher models, we compare a baseline455

trained without teacher guidance (No Teacher)456

against TGPO variants guided by R1-Distill-457

Qwen-32B and Qwen3-30B-A3B. As shown in Ta-458

ble 2, incorporating teacher guidance consistently459

improves performance over the pure RLVR base-460

line. TGPO with Qwen3-30B-A3B achieves the best461

average accuracy (58.0%) and performs particu-462

larly well on mathematical benchmarks, including463

AMC, MATH, and Olympiad. In contrast, TGPO464

with R1-Distill-Qwen-32B obtains the strongest465

result on GPQA (40.9%). These results suggest466

that TGPO can effectively transfer the strengths467

of different teacher models and does not rely on468

0 20 40 60 80 100
Step

0.0

0.1

0.2

0.3

Tr
ai

ni
ng

 R
ew

ar
d

OP Distill
GRPO++

TGPO
KDRL

Figure 5: Training reward curves in the in-family setting.
TGPO consistently achieves higher rewards than OP
Distill, KDRL and GRPO++ throughout training.

a specific teacher architecture. We leave the ex- 469

ploration of a broader range of teacher models to 470

future work. 471

5.4 Comparison in the In-family Setting 472

We further evaluate whether TGPO maintains its 473

advantages in the in-family setting. Following 474

the setup in Section 2, we use Qwen2.5-Math-7B 475

to supervise Qwen2.5-Math-1.5B for 100 train- 476

ing steps. We compare the on-policy distillation 477

methods OP Distill, KDRL, and TGPO with the 478

pure RLVR baseline GRPO++ by tracking the 479

training reward. As shown in Figure 5, OP Dis- 480

till achieves stable reward improvements, indicat- 481

ing that RKL-based OPD remains effective when 482

the teacher and student distributions are relatively 483

aligned. GRPO++ obtains higher rewards, likely 484

because outcome-based rewards better align with 485

mathematical reasoning tasks. Although both OP 486

Distill and GRPO++ improve steadily on their own, 487

KDRL fails to converge in the in-family setting. In 488

contrast, TGPO exhibits the fastest reward growth 489

and consistently outperforms the other methods. 490

These results show that TGPO remains effective 491

beyond large-divergence regimes and generalizes 492

well to in-family distillation scenarios. 493

7



50 100 150 200 250 300
Step

0.2

0.4

0.6

Tr
ai

ni
ng

 R
ew

ar
d

Ours
Constant Weight
Aggressive Annealing
Continuous Annealing

0 100 200 300
0.00

0.01

0.02

Guidance Weight (w)

Figure 6: Ablation of annealing schedules. The inset de-
tails the guidance weight (w) schedule for each setting.
Our method yields the best convergence.

5.5 Impact of Guidance Scheduling494

To evaluate the guidance weight decay schedule495

introduced in Section 3.2, we compare our strat-496

egy with three alternatives that use different initial497

guidance weights winit and decay rates δ: (1) Con-498

stant Weight (winit=2e−3, δ=0); (2) Aggressive499

Annealing (winit = 2e−2, δ = 1e−4); (3) Con-500

tinuous Annealing (winit = 2e−3, δ ≈ 6.7e−6,501

decaying to zero at the final training step); and (4)502

Ours (winit=2e−3, δ=1e−5, decaying to zero at503

step 200).504

Figure 6 shows that our schedule achieves the505

best overall performance. Aggressive Annealing506

suppresses rewards early in training, indicating that507

overly strong guidance limits exploration. Con-508

stant Weight performs competitively at first but509

plateaus early, suggesting that persistent imitation510

constraints hinder further reward optimization. Our511

method also outperforms Continuous Annealing,512

indicating that entering a pure RL phase before the513

end of training is important for effective policy op-514

timization. By removing teacher guidance at step515

200, our method achieves the highest final reward.516

6 Related Work517

On-Policy Distillation. MiniLLM (Gu et al.,518

2023) first introduced on-policy distillation (OPD)519

by sampling directly from the student distribu-520

tion using RKL supervision (Eq. 1). Concurrently,521

GKD (Agarwal et al., 2024) unified forward KL-522

and reverse KL-based distillation within a single523

framework and showed that OPD can be jointly op-524

timized with RL objectives. Building on this line of525

work, KDRL (Xu et al., 2025) explored two ways526

to integrate RKL-based supervision into RLVR, in-527

cluding reward shaping and differentiable teacher528

regularization. The On-Policy Distillation blog529

by Thinking Machines (Lu and Lab, 2025) further530

compared the training cost of OPD and SFT+RL 531

pipelines, highlighting the potential of OPD as a 532

post-training approach. More recently, OPD has 533

been extended to self-distillation settings such as 534

OPSD (Zhao et al., 2026) and SDPO (Hübotter 535

et al., 2026), which use previous trajectories with 536

error feedback to guide exploration. Most exist- 537

ing OPD methods rely on RKL-based supervision 538

and are studied in settings where the student and 539

teacher policies remain relatively close. However, 540

as we analyze in Section 2, the effectiveness of 541

RKL supervision depends on the overlap between 542

the student and teacher distributions, which lim- 543

its its applicability under large policy divergence. 544

To address this limitation, we propose TGPO, a 545

reasoning-oriented post-training method that more 546

effectively incorporates teacher supervision into 547

RLVR under large teacher–student divergence. 548

Discussion over Mixed-Policy. In the context of 549

LLM distillation, mixed-policy approaches (Yan 550

et al., 2025; Zhang et al., 2025), which lever- 551

age samples from the teacher distribution, have 552

achieved competitive results. However, our work 553

remains strictly focused on the on-policy setting. 554

We posit that on-policy learning, by optimizing 555

the student’s generation trajectory, offers greater 556

robustness against distribution mismatch and en- 557

sures theoretical consistency with standard RL al- 558

gorithms. By adhering to a strict on-policy setting, 559

our insights are designed to not only advance LLM 560

distillation but also generalize to fundamental RL 561

research. 562

7 Conclusion 563

We present TGPO, an on-policy distillation frame- 564

work designed to overcome Reverse KL limita- 565

tions. Compared to the sparse and uninformative 566

signals provided by Reverse KL based algorithms, 567

TGPO incorporates dense and explicit teacher guid- 568

ance based on the student’s rollout, while main- 569

taining the robustness of on-policy learning. Em- 570

pirical results on mathematical reasoning bench- 571

marks demonstrate that TGPO not only outper- 572

forms baselines but also exhibits adaptability to 573

various teacher models. Moreover, we demonstrate 574

that applying guidance via differentiable regular- 575

ization, coupled with a linear decay schedule, is 576

essential for stable convergence and continued self- 577

improvement. We hope our findings provide a the- 578

oretically grounded and practically effective direc- 579

tion for future advancements in LLM alignment. 580
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Limitation581

Although TGPO demonstrates strong performance582

and improved training stability under large teacher–583

student policy divergence, the current framework584

is designed around the combination of token-level585

teacher guidance and trajectory-level verifiable re-586

wards. As a result, TGPO is primarily suited to587

RLVR-style settings where reliable automatic ver-588

ification signals are available. Its applicability589

to open-ended or subjective generation tasks re-590

mains less clear, particularly in scenarios where591

high-quality outcome reward models or rule-based592

verifiers are unavailable. In addition, like most593

distillation-based methods, TGPO currently as-594

sumes access to a capable teacher model that can595

provide informative token-level supervision during596

training. A promising direction for future work is597

to extend TGPO beyond verifiable reasoning tasks598

by incorporating stronger learned reward models599

or LLM-based judges, enabling more reliable su-600

pervision in domains with ambiguous or subjective601

evaluation criteria.602
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A Theoretical Analysis of RKL Instability757

In this appendix, we provide the formal derivations758

referenced in Section 2.2. We analyze the gradient759

behavior of the Reverse KL (RKL) objective and760

show why optimization becomes unstable when761

the student policy πθ assigns probability mass to762

regions where the teacher policy πT has low proba-763

bility, i.e., in the Rejection regime defined in Sec-764

tion 2.2.765

A.1 Gradient of RKL Objective766

Recall the RKL objective in Eq. 1:767

JRKL(θ) = Ex∼DDKL(πθ||πT )

= Ex∼D,y∼πθ(·|x)

[
log

πθ(y|x)
πT (y|x)

]
.

768

For a fixed prompt x, let J(θ)=Ey∼πθ
[log ρ(y)],769

where ρ(y)= πθ(y|x)
πT (y|x) denotes the density ratio. Us-770

ing the log-derivative trick, the gradient with re-771

spect to θ is:772

∇θJ(θ) = ∇θEy∼πθ
[log ρ(y)]773

= Ey∼πθ

[
∇θ log πθ(y|x) · log ρ(y)774

+∇θ log ρ(y)
]

775

= Ey∼πθ

[
∇θ log πθ(y|x) · log ρ(y)776

+∇θ log πθ(y|x)
]

777

= Ey∼πθ
[∇θ log πθ(y|x) · (log ρ(y) + 1)] .778

Note that the term resulting from E[∇θ log πθ]=779

0 is often omitted, but strictly speaking, the gradi-780

ent is weighted by the term (log ρ(y) + 1).781

In the context of RL with intrinsic rewards (as782

discussed in Section 2.2), the RKL term serves as783

a negative reward, − log ρ(y). Under the policy784

gradient framework, the resulting stochastic gra-785

dient estimator ĝ(y) for a sampled trajectory y is786

proportional to:787

ĝ(y) ∝ ∇θ log πθ(y|x) ·
(
− log ρ(y)

)
.788

A.2 Instability in the Rejection Regime789

We now analyze the gradient behavior in the790

Rejection regime. Although language models791

generate tokens autoregressively (i.e., π(y|x) =792 ∏L
t=1 π(yt|y<t, x)), our analysis operates at the793

complete trajectory level y. This perspective is794

crucial because the density ratio accumulates over795

the sequence length, amplifying the variance.796

Unbounded Gradient Scaling. Consider a “bad” 797

sample ybad in the Rejection regime, where 798

ρ(y) ≫ 1, i.e., πθ(y|x) ≫ πT (y|x). This cor- 799

responds to trajectories that receive non-negligible 800

probability under the student policy but are as- 801

signed near-zero probability by the teacher. For- 802

mally, assume πθ(ybad|x) ≥ δ for some constant 803

δ > 0, while πT (ybad|x) ≤ ϵ with ϵ → 0. 804

The log-density ratio is then lower bounded by: 805

log ρ(ybad) = log πθ(ybad|x)− log πT (ybad|x)

≥ log δ − log ϵ = log

(
δ

ϵ

)
.

806

As ϵ → 0, the term log(δ/ϵ) diverges to in- 807

finity. Consequently, the gradient scaling factor 808

| log ρ(ybad)| can become arbitrarily large, induc- 809

ing extremely high-variance gradient estimates and 810

unstable optimization. 811

This issue is particularly severe in cross-family 812

distillation, where architectural and reasoning-style 813

discrepancies often cause the teacher to assign near- 814

zero probability to otherwise plausible student tra- 815

jectories. This analysis directly explains the sharp 816

gradient spikes observed in Figure 2 (Middle). 817

Variance Explosion. Optimization stability is 818

closely related to the variance of the stochastic gra- 819

dient estimator. A standard proxy for this variance 820

is the second moment of the gradient norm: 821

Ey∼πθ

[
∥∇θ log πθ(y|x)∥2 · (log ρ(y))2

]
. 822

In the Rejection regime, where πT (y|x) → 0, 823

the log-density ratio log ρ(y) can become arbi- 824

trarily large. Consequently, the weighting term 825

(log ρ(y))2 grows without bound, substantially in- 826

creasing the second moment of the gradient estima- 827

tor and inducing extremely high gradient variance. 828

Such variance can severely destabilize optimiza- 829

tion, particularly for adaptive optimizers such as 830

Adam, resulting in gradient spikes, noisy parame- 831

ter updates, and degradation of previously learned 832

capabilities. 833

A.3 Asymmetry of Reward Scaling 834

In Section 2.2, we argued that RKL induces an 835

asymmetric optimization landscape. We formalize 836

this observation by analyzing the intrinsic reward 837

rint(y) = − log ρ(y) = log
πT (y|x)
πθ(y|x)

. 838
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• Positive Rewards are Probabilistically Sup-839

pressed (Consensus Regime): Large positive840

rewards arise when πT (y|x) ≫ πθ(y|x), mean-841

ing the teacher assigns substantially higher prob-842

ability to a trajectory than the student. However,843

trajectories are sampled from the student policy844

πθ. Thus, large positive rewards are associated845

with trajectories that are already unlikely to be846

sampled. As πθ(y|x) → 0, the probability of ob-847

serving such trajectories vanishes, making strong848

positive reinforcement events exceedingly rare in849

practice.850

• Negative Penalties are Frequent and Un-851

bounded (Rejection Regime): Conversely, large852

negative rewards arise when πθ(y|x) ≫ πT (y|x).853

Since trajectories are sampled from the student854

policy, such rejection trajectories are likely to be855

observed during optimization. At the same time,856

the intrinsic reward rint(y) becomes unbounded857

below as πT (y|x) → 0. Consequently, optimiza-858

tion is repeatedly dominated by large-magnitude859

negative updates. This asymmetry—where pos-860

itive rewards are rarely observed while nega-861

tive penalties are both frequent and unbounded—862

drives the variance explosion and instability dis-863

cussed above.864

B Experimental Details865

In this appendix, we provide detailed experimental866

settings, hyperparameter configurations, and addi-867

tional empirical results.868

B.1 Detailed Setup869

Training Dataset. All experiments use a unified870

dataset derived from a subset of OpenR1-Math-871

46k-8192. We retain the original prompts from Nu-872

minaMath 1.5 but reconstruct the reasoning traces873

to enable a controlled comparison across differ-874

ent training paradigms. Specifically, TGPO is an875

on-policy method that requires only prompts and876

generates rollouts during training. In contrast, the877

off-policy and mixed-policy baselines require static878

reasoning traces. To support these baselines under879

the same prompt distribution, we construct a shared880

set of teacher-generated trajectories using Qwen3-881

30B-A3B. We then validate the generated traces882

with Math-verify and retain only valid samples.883

The final curated dataset contains 34,975 prompts884

paired with verified teacher-generated reasoning885

traces for off-policy and mixed-policy training.886

Training Configuration. In addition to 887

Qwen2.5-Math-7B, we also evaluate our method 888

on the smaller Qwen2.5-Math-1.5B model. For the 889

main experiments, we use Qwen3-30B-A3B as 890

the teacher model. This setting introduces a large 891

capability gap between the teacher and the student, 892

corresponding to the Rejection regime analyzed 893

in our paper. For the in-family experiments in 894

Section 2.3, we replace the teacher model with 895

Qwen2.5-Math-7B while keeping all other settings 896

unchanged. To ensure a fair comparison, all 897

RL-based methods use a fixed sampling budget 898

of K = 8 rollouts per prompt. We use a constant 899

learning rate of 1× 10−6 and train all RL models 900

for 300 steps. All experiments are conducted 901

on a cluster of 8 NVIDIA A100 GPUs. Our 902

implementation is based on the verl framework6 903

and uses vLLM7 for efficient rollout generation. 904

Model Configuration. The native context win- 905

dow of Qwen2.5-Math-7B and Qwen2.5-Math- 906

1.5B (4,096 tokens) is insufficient to accommodate 907

the long reasoning traces in the off-policy data. To 908

address this issue, we modify the model configu- 909

ration by increasing the RoPE base frequency (θ) 910

from 10,000 to 40,000 and extending the context 911

window to 16,384 tokens. In contrast, Qwen3-30B- 912

A3B already supports a sufficiently large context 913

window, so we keep its RoPE configuration un- 914

changed. In addition, we resize the vocabulary di- 915

mensions of the student and teacher models to the 916

same size to ensure tokenizer compatibility during 917

training. 918

SFT Implementation. For all SFT baselines, we 919

use the same dataset of prompts and Qwen3-30B- 920

A3B-generated reasoning traces described above. 921

We follow the training protocol of OpenR1 (Hug- 922

ging Face, 2025), which reproduces the per- 923

formance of the distilled DeepSeek-R1 models. 924

Specifically, we train each model for 3 epochs with 925

a global batch size of 64 and a learning rate of 926

5× 10−5. We use a warmup ratio of 0.1 and set the 927

maximum sequence length to 16,384 tokens. 928

6https://github.com/verl-project/verl
7https://github.com/vllm-project/vllm
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Model AIME 24 AIME 25 AMC MATH-500 Minerva Olympiad Avg.

Qwen2.5-Math-1.5B 7.2 3.6 26.4 28.0 9.6 21.2 16.0

LUFFY 5.8 4.9 32.6 64.0 22.4 24.7 25.7
GRPO++ 10.1 7.4 41.8 69.4 28.3 35.9 32.2
KDRL 0.9 0.3 5.9 11.4 5.1 4.7 4.7
OP Distill 1.7 0.4 18.8 45.2 16.2 14.7 16.2

TGPO 11.8 7.8 43.0 71.4 30.5 36.6 33.5

Table 3: Performance evaluation based on Qwen2.5-Math-1.5B. The teacher model employed is Qwen3-30B-A3B.
All models are evaluated under a unified setting. Bold indicates the best result.

B.2 System Prompt929

Your task is to follow a systematic, thorough reasoning
process before providing the final solution. This in-
volves analyzing, summarizing, exploring, reassessing,
and refining your thought process through multiple
iterations. Structure your response into two sections:
Thought and Solution. In the Thought section, present
your reasoning using the format: “<think>\n thoughts
</think>\n”. Each thought should include detailed
analysis, brainstorming, verification, and refinement
of ideas. After “</think>\n” in the Solution section,
provide the final, logical, and accurate answer, clearly
derived from the exploration in the Thought section. If
applicable, include the answer in \boxed{} for closed-
form results like multiple choices or mathematical so-
lutions.

User: {QUESTION}
Assistant: <think>

930

C Results on the 1.5B Model931

C.1 Overall Performance932

To further evaluate TGPO under a larger teacher–933

student capability gap, we conduct experiments us-934

ing Qwen2.5-Math-1.5B as the student model and935

Qwen3-30B-A3B as the teacher model. We com-936

pare TGPO against GRPO++, RKL, KDRL, and937

LUFFY. Results are summarized in Table 3.938

TGPO achieves the best overall performance,939

reaching an average score of 33.5% and outper-940

forming both on-policy and off-policy baselines941

across most benchmarks. GRPO++ remains com-942

petitive with 32.2% average accuracy but still falls943

short of TGPO, while LUFFY performs noticeably944

worse than its 7B counterpart.945

In contrast, RKL-based on-policy distillation946

methods become highly unstable in this setting.947

KDRL achieves only 4.7% average accuracy, and948

both KDRL and RKL exhibit rapid training col-949

lapse, with generation lengths frequently saturating950

the maximum context window. We therefore report951

results from the best-performing checkpoints.952

C.2 Training Dynamics 953

To better understand the performance differences 954

across methods, we analyze the training dynamics 955

of the 1.5B student model. Figure 7 shows the 956

training reward, response length, and gradient norm 957

during the first 300 optimization steps. 958

TGPO achieves stable reward improvement 959

throughout training and converges to higher reward 960

values than RKL-based methods, while KDRL 961

shows almost no reward improvement from the 962

beginning of training. In terms of response length, 963

both RKL and KDRL quickly exhibit length ex- 964

plosion, with generation lengths saturating the 965

8,192-token rollout limit. TGPO avoids this be- 966

havior and maintains response lengths comparable 967

to GRPO++. TGPO also maintains relatively stable 968

gradient norms throughout training, whereas RKL 969

and KDRL exhibit substantially higher variance 970

and LUFFY shows several large gradient spikes. 971

Overall, these results further support the instabil- 972

ity of RKL-based supervision under large teacher– 973

student capability gaps and show that TGPO main- 974

tains stable optimization behavior in this setting. 975
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Figure 7: Training Dynamics Analysis. (Left) Training reward. TGPO demonstrates robust growth and convergence
compared to RKL and KDRL. (Middle) Response length. TGPO avoids RKL’s length explosion and aligns with
GRPO++’s stability. (Right) Gradient norm. TGPO shows stable optimization compared to the high variance in
RKL, KDRL and LUFFY.
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