
Trust Region On-Policy Distillation

Anonymous ACL submission

Abstract001

On-Policy Distillation (OPD) is a fundamen-002
tal technique for efficient post-training of large003
language models (LLMs), with broad appli-004
cations in agent learning, multi-task enhance-005
ment, and model compression. However, OPD006
training becomes unstable when the teacher007
and student distributions differ substantially,008
as teacher supervision on student-generated to-009
kens may yield unreliable policy gradients and010
even cause optimization failure. This work ad-011
dresses reliable on-policy token-level supervi-012
sion through credit assignment strategies, and013
proposes Trust Region On-Policy Distillation,014
TrOPD. It features the following characteris-015
tics: 1) Trust-Region On-Policy Learning:016
TrOPD performs OPD only in regions where017
the teacher provides reliable supervision, mit-018
igating the optimization difficulty of the K1019
reverse-KL estimator under distribution mis-020
match. 2) Outlier Estimation: For outlier021
regions, we explore gradient clipping, mask-022
ing, and forward-KL estimation to reduce the023
adverse effects of unreliable supervision. 3)024
Off-Policy Guidance: The student continues025
generation from teacher prefixes and uses for-026
ward KL to imitate off-policy guidance, en-027
couraging on-policy exploration toward reli-028
able regions. Experiments show that TrOPD029
consistently outperforms SoTA OPD baselines,030
including OPD, EOPD, and REOPOLD, across031
mathematical reasoning, code generation, and032
general-domain benchmarks.033

1 Introduction034

Recent Large Reasoning Models (LRMs) (Zhang035

et al., 2025; Chen et al., 2024) improve perfor-036

mance by scaling test-time reasoning and have037

achieved expert-level performance in mathemat-038

ics (Ren et al., 2025), code generation (Anthropic,039

2025), and agent tasks (Ghareeb et al., 2025).040

However, their substantial inference costs moti-041

vate the development of Small Reasoning Mod-042

els (SRMs) (Zhao et al., 2025) for resource-043
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Figure 1: Performance of TrOPD and baselines. All
OPD methods are trained from Qwen3-SFT-1.7B.

efficient deployment. Conventional off-policy dis- 044

tillation (Kim and Rush, 2016) trains students to 045

imitate outputs generated by strong teacher models 046

Since training relies on teacher-generated trajec- 047

tories while inference follows student-generated 048

ones, this paradigm suffers from exposure bias, 049

especially in long-chain-of-thought reasoning. On- 050

Policy Distillation (OPD) (Lu et al., 2025; Agarwal 051

et al., 2024) mitigates this issue by training directly 052

on student-generated trajectories, making it an effi- 053

cient approach for SRMs. 054

Despite their potential efficiency advantages, ex- 055

isting OPD methods often suffer from training 056

instability due to unreliable supervision. When 057

the teacher and student distributions diverge sub- 058

stantially, student-generated trajectories may fall 059

outside the teacher’s reliable supervision region, 060

yielding erroneous policy gradients and potentially 061

causing training collapse. Moreover, reasoning- 062

oriented OPD cannot afford full-vocabulary su- 063

pervision due to its prohibitive memory over- 064

head (Agarwal et al., 2024). It therefore typically 065

relies on KL divergence estimators (Lu et al., 2025), 066
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Figure 2: Overview of Trust Region On-Policy Distillation. For the on-policy component, student-generated tokens
are divided into the trust region and outliers. The student model is further guided by teacher-generated responses.

which may further reduce the reliability of the su-067

pervision signal.068

However, reliable OPD for reasoning tasks re-069

mains non-trivial. This work establishes a unified070

benchmark to systematically study this challenge071

from three perspectives: (1) multi-domain evalua-072

tion, covering mathematics, code generation, and073

STEM reasoning; (2) diverse OPD strategies, com-074

paring representative conventional and recent meth-075

ods under unified training settings; and (3) memory-076

efficient KL estimation, implementing the K1 and077

top-k estimators to enable long-response distilla-078

tion under practical memory constraints. The re-079

sulting evaluation reveals that existing methods fail080

to effectively suppress erroneous policy gradients.081

Furthermore, naive reward clipping, as adopted by082

REOPOLD (Ko et al., 2026), may remove infor-083

mative supervision together with outlier gradients,084

resulting in a performance bottleneck.085

To improve the reliability of teacher supervision,086

this work proposes Trust Region On-Policy Distil-087

lation (TrOPD), which partitions student-generated088

tokens according to their supervision reliability. As089

shown in Figure 2, TrOPD determines whether a090

token falls into a teacher-verifiable trust region ac-091

cording to the decoding agreement ratio between092

the teacher and student models. For outliers, we093

employ a top-k forward-KL estimator to preserve094

informative reward signals while avoiding unreli-095

able policy gradients. To further encourage the stu- 096

dent to generate within teacher-verifiable regions, 097

we introduce off-policy guidance, which performs 098

imitation learning from teacher-generated trajecto- 099

ries. As shown in Figure 1, TrOPD substantially im- 100

proves OPD by +3.34, +4.00, +5.11, and +6.18 101

points on math, code, instruction following, and 102

STEM benchmarks, respectively. 103

Our contributions are summarized as follows: 104

• We establish a general benchmark for 105

reasoning-oriented OPD and identify the su- 106

pervision reliability issue in OPD. 107

• We propose Trust Region On-Policy Distil- 108

lation (TrOPD), achieving high-quality and 109

stable reasoning optimization. 110

• We train small reasoning models based on 111

TrOPD, further advancing the reasoning capa- 112

bilities of small language models. 113

2 Related Works 114

Reasoning Language Models. Reasoning ability 115

(Zhang et al., 2025; Chen et al., 2024) has become a 116

major driver of performance improvements in large 117

language models (LLMs), initially elicited through 118

reasoning prompts. More recently, reasoning capa- 119

bilities have been acquired through reinforcement 120

learning (Zhang et al., 2025); supervised finetuning 121
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(Team, 2025a); and on-policy distillation. Reason-122

ing is also increasingly integrated with other core123

capabilities of LLMs, such as agentic and multi-124

modal (AI, 2025; Bai et al., 2025) abilities. How-125

ever, how to acquire strong reasoning capabilities126

for SRMs remains underexplored.127

Knowledge Distillation. Knowledge distillation128

was originally introduced by Hinton et al. (Hinton129

et al., 2015) to efficiently train compact models. In130

recent years, distillation for generative language131

models has primarily relied on sequence-level132

knowledge distillation (Kim and Rush, 2016), an133

off-policy approach that performs supervised fine-134

tuning on teacher-generated responses. More re-135

cently, full-vocabulary on-policy distillation meth-136

ods (Ko et al., 2024, 2025; Xu et al., 2025), such137

as MiniLLM (Gu et al., 2024) and GKD (Agar-138

wal et al., 2024), have been developed to mitigate139

the exposure bias (Agarwal et al., 2024). For rea-140

soning models, KL objectives based on the k1 es-141

timator (Lu et al., 2025; Yang et al., 2026) have142

been applied to effectively improve the reasoning143

performance in post-training stage.144

3 Problem Formulation145

3.1 Distillation for Language Models146

Different from off-policy distillation trained from147

the teacher of generations (ToGs), On-policy dis-148

tillation instead trains on student of generations149

(SoGs) to mitigate exposure bias. In reverse150

KL divergence (RKL)-based OPD, the sequence-151

level objective can be written as DKL(πS∥πT ) =152

Ex∼πS

[
log πS(x)

πT (x)

]
, whose gradient naturally takes153

a policy-gradient form (Gu et al., 2024): the stu-154

dent samples trajectories from its own policy and155

is rewarded for generating sequences assigned high156

probability by the teacher. Since the expecta-157

tion is taken over the student distribution, RKL158

strongly penalizes student outputs that fall into low-159

probability regions of the teacher, while imposing160

little direct penalty on teacher modes not explored161

by the student, thereby exhibiting mode-seeking162

behavior. However, conventional OPD computes163

RKL or Jensen–Shannon divergence (JSD) over164

the full vocabulary, making memory overhead a165

significant bottleneck for long generation tasks.166

3.2 OPD for Reasoning Models167

Recent on-policy distillation (OPD) methods em-168

ploy token-level reverse KL as the reward and opti-169

mize it using policy gradient. However, computing 170

reverse KL over the full vocabulary incurs O(n · k) 171

memory overhead, where n is the sequence length 172

and k is the vocabulary size. Traditional instruc- 173

tion LLM distillation methods, such as GKD and 174

speculative KD, compute KL divergence over the 175

full vocabulary, achieving stable optimization: 176

J KD = −RKL(πS ∥ πT ) = −
∑
x∈V

πS log
πS
πT

.

(1) 177

In contrast, recent reasoning-oriented models 178

scale performance by extending the reasoning 179

length, which significantly increases output se- 180

quence length and makes memory consumption 181

a major bottleneck for model distillation. To ad- 182

dress this issue, Thinking Machine Lab proposes 183

using the K1 estimator to obtain an unbiased esti- 184

mate of the KL divergence, leading to the following 185

optimization objective: 186

J KD = −RKL(πS ∥ πT ) = −Ex∼πS

[
log

πS
πT

]
.

(2) 187

However, the K1 estimator suffers from two key 188

optimization bottlenecks: 189

Significant policy-gradient outliers. When the 190

discrepancy between the teacher and student dis- 191

tributions is large, the teacher may assign ex- 192

tremely low probabilities to trajectories sampled 193

from the student policy, i.e., Ex∼PS
[πT (x)] ≈ 194

0. In such low-confidence regions, the K1-based 195

policy-gradient signal can become extremely neg- 196

ative, i.e., ∇J = 1
πS(x)

log πT (x)
πS(x)

→ −∞. There- 197

fore, student-generated trajectories that receive ex- 198

tremely low confidence from the teacher induce 199

significant policy-gradient outliers, which destabi- 200

lize OPD optimization and limit its potential final 201

performance. 202

Low-quality student of generation (SoG). 203

Since OPD is optimized exclusively on trajecto- 204

ries sampled from the student policy, the student 205

may struggle to generate high-quality responses for 206

challenging problems. As a result, low-quality SoG 207

trajectories restrict the effective optimization space 208

and prevent the student from receiving informative 209

supervision from higher-quality responses. 210

4 Trust Region Distillation 211

4.1 Benchmarking OPD Baselines 212

Compared with conventional OPD based on full- 213

vocabulary distributions, OPD for long-thinking 214
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Method FKL Objective RKL Objective AIME 24 AIME 25 AMC 23 Avg.

DeepSeek-Qwen2.5-1.5B – – 28.64 24.16 71.01 41.27
OPD (RKL) – log πT /πS 35.83 29.16 75.39 46.79

Distribution Mixing Strategies
FKL

∑
v∈VT

k
πT,v log(πT,v/πS,v) – 0.00 0.00 4.21 1.40

JSD β
∑

v∈VT
k
πT,v log(πT,v/πM,v) (1− β) log(πS/πM ) 37.91 30.72 75.07 47.90

Entropy-Aware Token Selection Strategies
Entropy OPD 20% – I[H > τ ] log πT /πS 35.52 29.06 73.82 46.13

Outlier-Aware Token Selection Strategies
Clip Outlier – max(log πT /πS , τ) 36.97 30.83 75.78 47.86
Mask Outlier – I[R > τ ] log πT /πS 37.08 30.62 75.46 47.72
FKL Outlier M

∑
v∈VT

k
πT,v log(πT,v/πS,v) M log πT /πS 39.16 29.89 77.96 49.00

TrOPD M
∑

v∈VT
k
πT,v log(πT,v/πS,v) M log πT /πS 38.54 32.50 78.51 49.85

Table 1: Comparison of OPD methods on math-domain reasoning benchmarks. All OPD methods are trained with
Skywork-OR1-Math-7B as the teacher model.

reasoning models remains an emerging research di-215

rection. Existing studies are often conducted under216

different experimental configurations, making it217

difficult to directly compare recent SoTA methods.218

Therefore, there is an urgent need to benchmark219

recent OPD methods under a unified setting. In220

this section, we first evaluate representative OPD221

methods by focusing on two fundamental ques-222

tions: (1) Do divergence objectives developed for223

full-vocabulary OPD remain effective for recent224

token-level OPD based on the K1 estimator? (2)225

Under a unified experimental setting, how do exist-226

ing advanced methods compare fairly in terms of227

performance and generalization?228

Divergence Evaluation. Due to the asymmetry229

of KL divergence, previous full-vocabulary distil-230

lation methods typically adopt Forward KL (FKL)231

for mode covering and Reverse KL (RKL) for232

mode seeking. More generally, GKD (Agarwal233

et al., 2024) employs JSD to balance FKL and RKL.234

Under the memory constraints of long-thinking dis-235

tillation, we implement FKL over the top-k tokens236

of the teacher distribution and implement RKL us-237

ing the token-level K1 estimator. Specifically, the238

top-k FKL objective is defined as:239

J top-k
FKL =

∑
v∈VT

k

πT,v log
πT,v
πS,v

. (3)240

Given the definitions of top-k FKL and K1-based241

RKL, the generalized JSD objective with a balanc-242

ing coefficient β can be written as:243

J β
JSD = β

∑
v∈VT

k

πT,v log
πT,v
πM,v

+ (1− β) log
πS,x
πM,x

,

(4)244

where x ∼ πS , πM,v = βπT,v + (1− β)πS,v, and 245

β = 0.5 by default. 246

As shown in Table 1, stand-alone FKL can not 247

achieve effective training when computed over only 248

a small subset of the vocabulary. This is mainly 249

because top-k FKL constitutes a biased approxi- 250

mation of the full-vocabulary FKL objective, and 251

applying this biased divergence to all sampled to- 252

kens can introduce increasingly distorted policy 253

gradients. Therefore, FKL is not suitable as the 254

standalone objective for OPD under constrained 255

vocabulary, while there would be great potential to 256

use FKL enhancing OPD objectives like JSD. 257

Token Filtering and Reward Clipping. To miti- 258

gate erroneous policy gradients induced by outlier 259

tokens, existing methods mainly adopt two strate- 260

gies: entropy-based token filtering and reward clip- 261

ping. In GRPO (Shao et al., 2024), training only on 262

the top 20% high-entropy tokens is commonly used 263

to suppress the interference of less informative to- 264

kens and accelerate RL convergence. REOPOLD 265

(Ko et al., 2026) instead applies reward clipping 266

to reduce the influence of erroneous token-level 267

supervision signals. Specifically, it requires a pre- 268

defined clipping threshold, and rewards exceeding 269

this threshold are clipped to the corresponding up- 270

per bound during training. 271

As shown in Tables 1 and 4, entropy-aware to- 272

ken selection (Wang et al., 2026b) does not con- 273

sistently benefit OPD: restricting optimization to 274

high-entropy tokens often degrades performance. 275

This suggests that, in the OPD setting, the teacher 276

can also provide sufficiently informative supervi- 277

sion on ordinary tokens, which should not be dis- 278

carded during training. Reward clipping improves 279
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Figure 3: Entropy comparison of OPD methods.

model performance in Table 1; however, as shown280

in Table 4, its gains become marginal under other281

settings. Moreover, the choice of clipping thresh-282

old introduces an additional hyperparameter that283

may substantially affect the learning dynamics and284

convergence speed.285

4.2 Trust-Region On-Policy Learning.286

Based on the benchmark results, directly applying287

conventional FKL or KL objectives defined on in-288

termediate mixture distributions fails to effectively289

address the erroneous policy gradients caused by290

the large distributional mismatch. Meanwhile, sim-291

ple reward clipping and entropy-based token selec-292

tion provide only limited correction to the policy293

gradients. We therefore focus on enabling more294

effective learning while explicitly suppressing un-295

reliable policy-gradient.296

Inspired by trust-region policy optimization297

(TRPO) in RL, we propose Trust Region On-Policy298

Distillation (TrOPD) that only optimizes where the299

policy-gradient is reliable. Given the trust-region300

Mx and the outlier Mx, the token-level objective in301

x can be governed by:302

J On
x = −MxKL(πS ∥ πT )−MxKL(πT ∥ πS)

= −Mx log
πS
πT

−Mx

∑
v∈VT

k

πT,v log
πT,v
πS,v

.

(5)303

Since x ∼ πS , we estimate RKL within the trust304

region using the K1 estimator, while approximating305

the FKL term for outliers using a Top-k estimator:306 ∑
v∈VT

k
πT,v log

πT,v

πS,v
. In the following, we reason307

the TrOPD objective step by step.308

Outlier Masking. We focus on the first term,309

−Mx log
πS
πT

, and investigate whether effective310

training can still be achieved after removing out-311

liers. For a fair comparison, we temporarily adopt a312
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Figure 4: Gradient norm comparison of OPD methods.

static threshold as Clip Outlier in REOPOLD. Dif- 313

ferent from Clip Outlier, which clips rewards ex- 314

ceeding the threshold τ , R(x) = max(log πS
πT

, τ), 315

Mask Outlier directly masks the token-level advan- 316

tage once its reward magnitude exceeds the thresh- 317

old, R(x) = I[R > τ ] log πS
πT

. 318

As shown in Table 1, both Mask Outlier and 319

Clip Outlier outperform the vanilla OPD baseline, 320

demonstrating that suppressing outlier policy gra- 321

dients improves optimization stability and down- 322

stream performance. As shown in Figures 3 and 4, 323

Mask Outlier directly eliminates the influence of 324

unreliable gradients. Compared with OPD and Clip 325

Outlier, it maintains higher policy entropy, thereby 326

better preserving the exploration capability during 327

OPD training. Moreover, by removing the gradi- 328

ents induced by outlier tokens during backprop- 329

agation, TrOPD achieves a lower gradient norm 330

than OPD and Clip Outlier, leading to more stable 331

optimization. 332

Adaptive Trust Region. Different from previ- 333

ous predefined threshold τ , we define the trust 334

region according to student policy πS(x) and 335

teacher check πT (x). For each token sampled 336

from the student generation, x ∼ πS , the prob- 337

ability of being classified into the trust region, 338

Mx ∼ Bernoulli(Ptrust(x)), is defined as: 339

Ptrust(x) = min

(
πT (x)

πS(x)
, 1

)
. (6) 340

This design is motivated by speculative decoding, 341

where the probability that the teacher model agrees 342

with a token decoded by the student model satis- 343

fies Paccept(x) ∝ min
(
πT (x)
πS(x)

, 1
)

. By selecting 344

only the decoding regions accepted by the teacher, 345

it can be ensured that the student model remains 346

within effectively supervised regions under the K1 347

estimator. 348
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Region Policy Objective Estimator Memory

On-Policy Trust Region x ∼ πS −KL(πS∥πT ) log
πT (x)

πS(x)
O(n)

On-Policy Outlier x ∼ πS −KL(πT ∥πS)
∑

v∈V(k)
T

πT (v) log
πS(v)

πT (v)
O(nk)

Off-Policy Guidance x ∼ πT −βKL(πT ∥πS) β log
πS(x)

πT (x)
O(n)

Table 2: Region-specific learning objectives and estimators in TrOPD. Here, V(k)
T denotes the top-k vocabulary

under the teacher distribution πT .

Outlier Estimation. Outlier regions exhibit349

substantial distributional mismatch between the350

teacher and student, but may still contain infor-351

mative supervisory signals. Simply masking these352

regions may therefore discard useful knowledge.353

To partially recover such supervision, we introduce354

an auxiliary forward KL (FKL) objective in outlier355

regions. Specifically, because reverse KL estimated356

from student-sampled tokens may fail to provide357

reliable supervision under severe distributional mis-358

match, we instead compute the distillation signal359

from the teacher perspective:360

J FKL
x = −Mx

∑
v∈VT

k

πT (v) log
πT (v)

πS(v)
, (7)361

where Vk
T = TopK(πT ) denotes the teacher’s top-362

k vocabulary. When ∃ v ∈ Vk
T s.t. πS(v) > 0,363

the FKL objective enables imitation learning from364

informative teacher-supported tokens in the outlier365

region. In contrast, when
∑

v∈Vk
T
πS(v) → 0, we366

have KL(πT ∥ πS) → 0, such that the auxiliary367

outlier objective is suppressed and does not inter-368

fere with gradient in the trust region. Therefore,369

this design alleviates the potential loss of supervi-370

sory information caused by region masking while371

preserving stable trust-region optimization.372

4.3 Off-Policy Trust-Region Guidance373

To guide the student model to follow the teacher’s374

trajectory, we propose an off-policy trust region to375

provide offline constraints, as illustrated in Fig. 2.376

The distillation trajectory consists of two parts: an377

off-policy prefix x[: l] generated by the teacher, fol-378

lowed by an on-policy continuation x[l :] generated379

by the student. For complex reasoning tasks, this380

design avoids low-quality outputs caused by the381

limited capability of the student model. We apply382

forward KL, KLx[:l]∼πT
(πT ∥ πS), for imitation383

learning from the off-policy guidance: 384

Jx = −βKLx[:l]∼πT
(πT ∥ πS) + J On

x[l:]

= −βI[x ∼ πT ] log
πT
πS

+ I[x ∼ πS ]J On
x[l:]

(8) 385

For the off-policy region, since samples are gener- 386

ated from the teacher, x ∼ πT , we adopt the K1 387

estimator for the forward KL, KL(πT ∥ πS) = 388

log πS
πT

, which achieves O(n) memory complexity. 389

Unified Optimization. We summarize the over- 390

all objective of TrOPD as: 391

J TrOPD
x = −I[x ∼ πS ]Mx

∑
v∈VT

k

πT,v log
πT,v
πS,v

392

− I[x ∼ πT ]Mx log
πS
πT

− β I[x ∼ πT ] log
πT
πS

,

(9)

393

where the details of each component are in Table 2. 394

Initially, the maximum off-policy trajectory length 395

is set to the maximum training sequence length. 396

During training, it is gradually annealed to zero 397

using a cosine schedule, such that generation be- 398

comes fully on-policy by the end of training. 399

5 Experimental Results 400

5.1 Implementation Details 401

Without loss of generality, we benchmark OPD 402

for reasoning models in two settings, i.e., single- 403

domain and multi-domain reasoning distillation. 404

Model. (1) For single-task distillation with 405

DeepSeek-Distilled-Qwen-1.5B (Zhang et al., 406

2025), we use the representative mathematical rea- 407

soning task, where Skywork-OR1-Math-7B (He 408

et al., 2025b) serves as the teacher model and 409

DeepSeek-Distilled-Qwen-1.5B serves as the stu- 410

dent model. Since the student has already under- 411

gone extensive off-policy distillation, we directly 412

conduct OPD without additional SFT. (2) For multi- 413

task distillation with DeepSeek-Distilled-Qwen- 414

1.5B, we use Skywork-OR1-7B (He et al., 2025b) 415
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Method AIME 24 AIME 25 AMC 23 LiveCodeBench v6 GPQA diamond Avg.

DeepSeek-Qwen2.5-1.5B 28.64 24.16 71.01 15.43 34.22 34.69

Single-Domain Distillation
Teacher 66.14 51.87 92.34 34.86 47.22 58.48
OPD 35.83 29.16 75.39 17.14 28.03 37.11
EOPD 36.97 29.79 75.23 15.43 32.58 38.00
Entropy OPD 20% 35.52 29.06 73.82 14.29 31.82 36.90
REOPOLD 2Stage 34.47 29.89 73.35 16.57 30.18 36.89
REOPOLD 36.97 30.83 75.78 18.29 32.07 38.79
TrOPD 38.54 32.50 77.03 18.86 36.24 40.63

Multi-Domain Distillation
Teacher 65.62 52.81 91.79 36.57 47.22 58.80
OPD 30.10 21.66 61.56 20.57 31.06 32.99
REOPOLD 34.27 25.83 63.90 19.43 34.47 35.58
TrOPD 36.04 27.60 70.93 22.29 31.19 37.61

Table 3: Performance comparison using DeepSeek-R1-Distill-Qwen-1.5B as the student model. Skywork-OR1-
Math-7B and Skywork-OR1-7B are teacher models for the single-domain and multi-domain distillation respectively.

Method Math STEM Instruct Code Avg.
AIME 24 AIME 25 AMC 23 GPQA dia. MMLU red. IFBench LCB.v6

Qwen3-SFT-1.7B 35.41 26.45 68.90 25.25 66.60 26.19 30.29 39.87

Multi-Domain Distillation
Teacher 81.66 75.72 98.98 58.86 77.03 62.93 58.86 73.43
OPD 48.02 40.72 81.79 29.80 68.60 37.07 32.00 48.29
EOPD 47.08 40.83 81.32 33.84 68.26 36.39 34.29 48.86
Entropy OPD 43.54 42.70 79.53 29.92 68.51 38.78 33.71 48.10
REOPOLD 45.62 42.29 81.64 30.56 68.30 36.05 35.43 48.56
TrOPD 52.08 44.06 83.04 35.98 68.74 42.18 36.00 51.73

Table 4: Performance comparison using Qwen3-SFT-1.7B as the student model. Qwen3-Nemotron-4B is the teacher
model for the multi-domain distillation.

as the teacher model and DeepSeek-Distilled-416

Qwen-1.5B as the student model to evaluate OPD417

in multi-domain reasoning tasks. (3) For multi-418

task distillation with Qwen3-SFT-1.7B (Wang et al.,419

2026a), the teacher model is trained from Qwen3-420

4B-Base (Yang et al., 2025) using Nemotron SFT &421

RL data and recipe (Appendix A for details). The422

student model is trained from Qwen3-1.7B-Base423

using the same SFT recipe.424

Dataset. (1) For single-domain distillation, we425

use prompts from the OpenThoughts3 dataset426

(Guha et al., 2025) and retain only examples from427

the mathematics domain. (2) For multi-domain428

distillation, we use prompts from OpenThoughts3,429

covering the mathematics, code, and science do-430

mains. Only the prompts are retained for training.431

Benchmark Training. To fairly compare exist-432

ing OPD methods, we train all benchmarks using433

the same training settings. Specifically, we perform434

OPD training for 200 steps using a fixed learning435

rate of 5× 10−6. For FKL-based methods imple-436

mented with a top-k support set, we uniformly set 437

k = 64. For off-policy guidance, we set β = 0.001 438

for imitation learning. We use a prompt batch size 439

of 128 and sample 4 rollouts for each prompt, with 440

a maximum generation length of 8096 tokens. 441

Benchmark Evaluation. We evaluate the dis- 442

tilled models across mathematics, STEM, and in- 443

struction following domains. For mathematical 444

reasoning, we report results on AIME 2024, AIME 445

2025 (Shi et al., 2025), and AMC 2023, while each 446

result is the average accuracy of 32 times evalua- 447

tion. For STEM reasoning and instruction follow- 448

ing, we use GPQA Diamond, MMLU-Redux v2 449

(Gema et al., 2025), and IFBench (Pyatkin et al., 450

2025). For code generation, we evaluate on Live- 451

CodeBench v6 (Jain et al., 2025). 452

5.2 Main Results 453

Single-Domain Distillation. As shown in Ta- 454

ble 3, we primarily evaluate mathematical reason- 455

ing performance on AIME 2024, AIME 2025, and 456

AMC 2023. We further report results on out-of- 457
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Method AIME 24 AIME 25 AMC 23 LiveCodeBench v6 GPQA diamond Avg.

DeepSeek-Qwen2.5-1.5B 28.64 24.16 71.01 15.43 34.22 34.69
OPD 35.83 29.16 75.39 17.14 28.03 37.11

AOPD 39.89 30.00 77.18 20.57 31.31 39.79
TrOPD 38.54 32.50 77.03 18.86 36.24 40.63
TrOPD + AOPD 42.08 31.87 78.20 21.71 34.47 41.67

Table 5: Performance comparison between TrOPD and concurrent AOPD. TrOPD + AOPD indicates TrOPD adding
the AOPD objective for the AOPD positive samples.

Method AIME 24 AIME 25 AMC 23 Avg.

Single-Domain Distillation
DS-1.5B 28.64 24.16 71.01 41.27
OPD 35.83 29.16 75.39 46.79

+ Outlier Estimation
Mask Outlier 37.08 30.62 75.46 47.72
Clip Outlier 36.97 30.83 75.78 47.86
Full FKL 0.00 0.00 4.21 1.40
FKL Outlier 39.16 29.89 77.96 49.00

+ Off-Policy Guidance
TrOPD Mask 40.10 30.41 75.85 48.79
TrOPD Clip 37.39 31.77 77.03 48.73
TrOPD FKL 38.54 32.50 78.51 49.85

Table 6: Ablation Studies of TrOPD.

domain (OOD) tasks to assess the continual learn-458

ing capability of OPD methods and their robustness459

to domain shifts. Compared with OPD, TrOPD im-460

proves the average performance by +3.06 points on461

mathematical reasoning tasks and by +2.63 points462

on general-domain tasks. REOPOLD corrects un-463

reliable policy gradients using simple reward clip-464

ping; nevertheless, TrOPD outperforms it by 1.99465

and 1.84 points in the mathematical and general466

domains, respectively, demonstrating the necessity467

of trust-region learning and outlier estimation. Fur-468

thermore, compared with entropy-based token se-469

lection methods, including EOPD (Jin et al., 2026),470

Entropy OPD (Ko et al., 2026; Wang et al., 2026b),471

and REOPOLD 2Stage (Ko et al., 2026), TrOPD472

achieves improvements of 2.63, 3.73, and 3.74473

points, respectively. These results indicate that474

outlier-aware token selection provides a more ef-475

fective criterion than entropy-based selection.476

Multi-Domain Distillation. As shown in Table 3477

and Table 4, we evaluate multi-domain distilla-478

tion performance with Skywork-OR1-Math-7B and479

Qwen3-Nemotron-4B as the teacher models, re-480

spectively. Since Skywork-OR1-Math-7B is pri-481

marily trained for mathematical reasoning and code482

generation, we mainly evaluate its distilled do-483

mains on AIME 2024, AIME 2025, AMC 2023,484

and LiveCodeBench. Compared with OPD, TrOPD485

consistently improves the performance of both 486

DeepSeek-Qwen2.5-1.5B and Qwen3-SFT-1.7B, 487

achieving substantial average gains of +4.62 and 488

+3.44 points, respectively. These results demon- 489

strate that TrOPD can consistently improve distilla- 490

tion performance across different teacher–student 491

configurations and diverse reasoning tasks. 492

5.3 Ablation Studies and Discussion 493

As shown in Table 6, applying FKL only to outlier 494

regions achieves better performance than masking 495

or clipping outliers, demonstrating its effective- 496

ness for outlier estimation. Incorporating off-policy 497

guidance further improves the average scores of the 498

Clip, Mask, and FKL Outlier variants, confirming 499

its complementary benefit. Consequently, the three 500

TrOPD variants, i.e., TrOPD Mask, TrOPD Clip, 501

and TrOPD FKL, outperform OPD by 2.00, 1.94, 502

and 3.06 points on average, respectively. 503

We also notice the concurrent work AOPD (Jia 504

et al., 2026). As shown in Table 5, TrOPD out- 505

performs AOPD, while their combination further 506

improves the average score from 40.63 to 41.67. 507

This suggests that AOPD is orthogonal to TrOPD, 508

and combining complementary OPD optimization 509

strategies is a promising direction for future work. 510

6 Conclusion 511

This work proposes Trust Region On-Policy Dis- 512

tillation, a reliable and stable framework for 513

reasoning-oriented OPD. By trust region optimiza- 514

tion and outlier estimation, TrOPD effectively sup- 515

presses unreliable policy gradients while preserv- 516

ing informative supervision. We further intro- 517

duce off-policy guidance to encourage exploration 518

toward teacher-supported trajectories. Extensive 519

multi-domain results highlight the importance of 520

supervision reliability in on-policy reasoning dis- 521

tillation and demonstrate the future potential of 522

trust-region learning for training high-quality small 523

reasoning models. 524
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Limitations525

The primary limitation of this work is the lack of526

practical deployment and application studies on527

small reasoning models. In real-world scenarios,528

training high-performing small reasoning models529

often requires incorporating mid-training to fur-530

ther improve their post-training reasoning capabil-531

ities. This work focuses primarily on OPD-based532

post-training using DeepSeek-Qwen2.5-1.5B and533

Multi-Domain Distillation, which may constrain534

the upper bound of the resulting reasoning perfor-535

mance. Future work should investigate how ad-536

ditional stages, such as mid-training, can further537

enhance small reasoning models in practical de-538

ployment settings. Nevertheless, this study focuses539

on fair and controlled comparisons among OPD540

methods.541
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Appendix756

A Training Details of Teacher Model757

Qwen3-Nemotron-4B758

The training pipeline is initialized from Qwen3-4B-759

Base and consists of both supervised fine-tuning760

(SFT) and reinforcement learning with verifiable re-761

wards (RLVR). For SFT, publicly available datasets762

released with Nemotron 3 Nano1 (Blakeman et al.,763

2025) are adopted. Entries without the messages764

field are removed, and datasets from multiple do-765

mains are combined. To match the domain distribu-766

tion ratios reported in the corresponding technical767

report, smaller datasets are upsampled while larger768

datasets are randomly downsampled, resulting in769

approximately 14M training samples.770

For RLVR, the publicly available training blend771

released with Nemotron 3 Nano2 is adopted.772

The resulting training mixture covers four do-773

mains: (1) Math: 22,056 samples from DAPO (Yu774

et al., 2025) and Skywork (He et al., 2025b,a);775

(2) Coding: 19,169 samples from CodeCon-776

tests (Li et al., 2022) and Open-R1 (Penedo777

et al., 2025); (3) Science: 19,670 samples from778

OpenScienceReasoning-2 (NVIDIA Corporation,779

2025); and (4) Instruction Following: 16,575 sam-780

ples from WildChat-1M (Zhao et al., 2024), with781

instructions sourced from Open-Instruct (Lambert782

et al., 2024).783

During SFT, the Adam optimizer (Kingma,784

2014) is used with a learning rate of 5× 10−5 and785

a weight decay of 0.1. The warmup phase accounts786

for 10% of the total training steps. The batch size787

1https://huggingface.co/collections/nvidia/
nemotron-post-training-v3

2https://huggingface.co/datasets/nvidia/
Nemotron-3-Nano-RL-Training-Blend

is set to 512, with an average response length of 788

approximately 7K tokens. 789

During RLVR, GRPO is employed with a group 790

size of 16, together with masked importance sam- 791

pling to improve consistency between training and 792

inference. The batch size is set to 128, and model 793

parameters are updated every 2048 rollouts. The 794

maximum generation length is capped at 32K to- 795

kens, and the sampling temperature is set to 1.0 to 796

encourage exploration. Multi-task RLVR training 797

is conducted for 1000 steps using a constant learn- 798

ing rate of 2× 10−6. The Adam optimizer is used 799

with a weight decay of 0.1. 800

For reward verification, the evaluator released 801

with Qwen QwQ-32B (Team, 2025b) is used for 802

mathematical reasoning tasks. The IFEvalG veri- 803

fier (Lambert et al., 2024) is used for instruction- 804

following tasks. For coding tasks, Sandbox- 805

Fusion (Bytedance-Seed-Foundation-Code-Team 806

et al., 2025) serves as the execution sandbox for 807

obtaining unit-test outcomes. 808
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