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Abstract

On-Policy Distillation (OPD) is a fundamen-
tal technique for efficient post-training of large
language models (LLMs), with broad appli-
cations in agent learning, multi-task enhance-
ment, and model compression. However, OPD
training becomes unstable when the teacher
and student distributions differ substantially,
as teacher supervision on student-generated to-
kens may yield unreliable policy gradients and
even cause optimization failure. This work ad-
dresses reliable on-policy token-level supervi-
sion through credit assignment strategies, and
proposes Trust Region On-Policy Distillation,
TrOPD. It features the following characteris-
tics: 1) Trust-Region On-Policy Learning:
TrOPD performs OPD only in regions where
the teacher provides reliable supervision, mit-
igating the optimization difficulty of the Kl
reverse-KL estimator under distribution mis-
match. 2) Outlier Estimation: For outlier
regions, we explore gradient clipping, mask-
ing, and forward-KL estimation to reduce the
adverse effects of unreliable supervision. 3)
Off-Policy Guidance: The student continues
generation from teacher prefixes and uses for-
ward KL to imitate off-policy guidance, en-
couraging on-policy exploration toward reli-
able regions. Experiments show that TrOPD
consistently outperforms SoTA OPD baselines,
including OPD, EOPD, and REOPOLD, across
mathematical reasoning, code generation, and
general-domain benchmarks.

1 Introduction

Recent Large Reasoning Models (LRMs) (Zhang
et al., 2025; Chen et al., 2024) improve perfor-
mance by scaling test-time reasoning and have
achieved expert-level performance in mathemat-
ics (Ren et al., 2025), code generation (Anthropic,
2025), and agent tasks (Ghareeb et al., 2025).
However, their substantial inference costs moti-
vate the development of Small Reasoning Mod-
els (SRMs) (Zhao et al., 2025) for resource-
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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-
tillation (Kim and Rush, 2016) trains students to
imitate outputs generated by strong teacher models
Since training relies on teacher-generated trajec-
tories while inference follows student-generated
ones, this paradigm suffers from exposure bias,
especially in long-chain-of-thought reasoning. On-
Policy Distillation (OPD) (Lu et al., 2025; Agarwal
et al., 2024) mitigates this issue by training directly
on student-generated trajectories, making it an effi-
cient approach for SRMs.

Despite their potential efficiency advantages, ex-
isting OPD methods often suffer from training
instability due to unreliable supervision. When
the teacher and student distributions diverge sub-
stantially, student-generated trajectories may fall
outside the teacher’s reliable supervision region,
yielding erroneous policy gradients and potentially
causing training collapse. Moreover, reasoning-
oriented OPD cannot afford full-vocabulary su-
pervision due to its prohibitive memory over-
head (Agarwal et al., 2024). It therefore typically
relies on KL divergence estimators (Lu et al., 2025),
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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-
pervision signal.

However, reliable OPD for reasoning tasks re-
mains non-trivial. This work establishes a unified
benchmark to systematically study this challenge
from three perspectives: (1) multi-domain evalua-
tion, covering mathematics, code generation, and
STEM reasoning; (2) diverse OPD strategies, com-
paring representative conventional and recent meth-
ods under unified training settings; and (3) memory-
efficient KL estimation, implementing the /i and
top-k estimators to enable long-response distilla-
tion under practical memory constraints. The re-
sulting evaluation reveals that existing methods fail
to effectively suppress erroneous policy gradients.
Furthermore, naive reward clipping, as adopted by
REOPOLD (Ko et al., 2026), may remove infor-
mative supervision together with outlier gradients,
resulting in a performance bottleneck.

To improve the reliability of teacher supervision,
this work proposes Trust Region On-Policy Distil-
lation (TrOPD), which partitions student-generated
tokens according to their supervision reliability. As
shown in Figure 2, TrOPD determines whether a
token falls into a teacher-verifiable trust region ac-
cording to the decoding agreement ratio between
the teacher and student models. For outliers, we
employ a top-k forward-KL estimator to preserve
informative reward signals while avoiding unreli-

able policy gradients. To further encourage the stu-
dent to generate within teacher-verifiable regions,
we introduce off-policy guidance, which performs
imitation learning from teacher-generated trajecto-
ries. As shown in Figure 1, TrOPD substantially im-
proves OPD by +3.34, +4.00, +5.11, and +6.18
points on math, code, instruction following, and
STEM benchmarks, respectively.
Our contributions are summarized as follows:

* We establish a general benchmark for
reasoning-oriented OPD and identify the su-
pervision reliability issue in OPD.

* We propose Trust Region On-Policy Distil-
lation (TrOPD), achieving high-quality and
stable reasoning optimization.

* We train small reasoning models based on
TrOPD, further advancing the reasoning capa-
bilities of small language models.

2 Related Works

Reasoning Language Models. Reasoning ability
(Zhang et al., 2025; Chen et al., 2024) has become a
major driver of performance improvements in large
language models (LLMs), initially elicited through
reasoning prompts. More recently, reasoning capa-
bilities have been acquired through reinforcement
learning (Zhang et al., 2025); supervised finetuning



(Team, 2025a); and on-policy distillation. Reason-
ing is also increasingly integrated with other core
capabilities of LLMs, such as agentic and multi-
modal (Al, 2025; Bai et al., 2025) abilities. How-
ever, how to acquire strong reasoning capabilities
for SRMs remains underexplored.

Knowledge Distillation. Knowledge distillation
was originally introduced by Hinton et al. (Hinton
et al., 2015) to efficiently train compact models. In
recent years, distillation for generative language
models has primarily relied on sequence-level
knowledge distillation (Kim and Rush, 2016), an
off-policy approach that performs supervised fine-
tuning on teacher-generated responses. More re-
cently, full-vocabulary on-policy distillation meth-
ods (Ko et al., 2024, 2025; Xu et al., 2025), such
as MiniLLM (Gu et al., 2024) and GKD (Agar-
wal et al., 2024), have been developed to mitigate
the exposure bias (Agarwal et al., 2024). For rea-
soning models, KL objectives based on the k; es-
timator (Lu et al., 2025; Yang et al., 2026) have
been applied to effectively improve the reasoning
performance in post-training stage.

3 Problem Formulation

3.1 Distillation for Language Models

Different from off-policy distillation trained from
the teacher of generations (ToGs), On-policy dis-
tillation instead trains on student of generations
(SoGs) to mitigate exposure bias. In reverse
KL divergence (RKL)-based OPD, the sequence-
level objective can be written as Dy, (7wg||7r) =

By [lo5 2503
a policy-gradient form (Gu et al., 2024): the stu-
dent samples trajectories from its own policy and
is rewarded for generating sequences assigned high
probability by the teacher. Since the expecta-
tion is taken over the student distribution, RKL
strongly penalizes student outputs that fall into low-
probability regions of the teacher, while imposing
little direct penalty on teacher modes not explored
by the student, thereby exhibiting mode-seeking
behavior. However, conventional OPD computes
RKL or Jensen—Shannon divergence (JSD) over
the full vocabulary, making memory overhead a
significant bottleneck for long generation tasks.

} , whose gradient naturally takes

3.2 OPD for Reasoning Models

Recent on-policy distillation (OPD) methods em-
ploy token-level reverse KL as the reward and opti-

mize it using policy gradient. However, computing
reverse KL over the full vocabulary incurs O(n - k)
memory overhead, where n is the sequence length
and k is the vocabulary size. Traditional instruc-
tion LLM distillation methods, such as GKD and
speculative KD, compute KL divergence over the
full vocabulary, achieving stable optimization:

KD __ _ s
J¥P = —RKL(ng || 77) = = > 7s logE.
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In contrast, recent reasoning-oriented models

scale performance by extending the reasoning

length, which significantly increases output se-

quence length and makes memory consumption

a major bottleneck for model distillation. To ad-

dress this issue, Thinking Machine Lab proposes

using the K1 estimator to obtain an unbiased esti-

mate of the KL divergence, leading to the following
optimization objective:

JTEP = —RKL(ns || 77) = —Eirns [log ”5] .
T
2
However, the K1 estimator suffers from two key
optimization bottlenecks:

Significant policy-gradient outliers. When the
discrepancy between the teacher and student dis-
tributions is large, the teacher may assign ex-
tremely low probabilities to trajectories sampled
from the student policy, i.e., E,wp, [17(2)] =~
0. In such low-confidence regions, the K1-based
policy-gradient signal can become extremely neg-
ative, i.e., VJ = Wsl(m) log gg; — —00. There—
fore, student-generated trajectories that receive ex-
tremely low confidence from the teacher induce
significant policy-gradient outliers, which destabi-
lize OPD optimization and limit its potential final
performance.

Low-quality student of generation (SoG).
Since OPD is optimized exclusively on trajecto-
ries sampled from the student policy, the student
may struggle to generate high-quality responses for
challenging problems. As a result, low-quality SoG
trajectories restrict the effective optimization space
and prevent the student from receiving informative
supervision from higher-quality responses.

4 Trust Region Distillation
4.1 Benchmarking OPD Baselines

Compared with conventional OPD based on full-
vocabulary distributions, OPD for long-thinking



Method FKL Objective RKL Objective AIME 24 AIME25 AMC23 Avg.

DeepSeek-Qwen2.5-1.5B - - 28.64 24.16 71.01  41.27

OPD (RKL) - logmr /7s 35.83 29.16 75.39  46.79
Distribution Mixing Strategies

FKL Zveva 1,0 l0g(Tr,0 /TS,0) - 0.00 0.00 4.21 1.40

JSD B Zueva 7w, 10g(Trw /Taw) (1 — B)log(ms/mam) 37.91 30.72 75.07  47.90
Entropy-Aware Token Selection Strategies

Entropy OPD 20% - I[H > 7]lognr/7s 35.52 29.06 73.82  46.13
Outlier-Aware Token Selection Strategies

Clip Outlier - max(log 7wy /7s, T) 36.97 30.83 757718  47.86

Mask Outlier - I[R > 7]lognr/7s 37.08 30.62 7546  47.72

FKL Outlier szevg- 1,0 10g(TT,0 /TS,0) Mlog 7r /ms 39.16 29.89 77.96  49.00

TrOPD szevg 70 10g(T 7,0 /T8,0) M log 7r/7s 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-
rection. Existing studies are often conducted under
different experimental configurations, making it
difficult to directly compare recent SOTA methods.
Therefore, there is an urgent need to benchmark
recent OPD methods under a unified setting. In
this section, we first evaluate representative OPD
methods by focusing on two fundamental ques-
tions: (1) Do divergence objectives developed for
full-vocabulary OPD remain effective for recent
token-level OPD based on the K estimator? (2)
Under a unified experimental setting, how do exist-
ing advanced methods compare fairly in terms of
performance and generalization?

Divergence Evaluation. Due to the asymmetry
of KL divergence, previous full-vocabulary distil-
lation methods typically adopt Forward KL (FKL)
for mode covering and Reverse KL (RKL) for
mode seeking. More generally, GKD (Agarwal
etal., 2024) employs JSD to balance FKL and RKL.
Under the memory constraints of long-thinking dis-
tillation, we implement FKL over the top-k tokens
of the teacher distribution and implement RKL us-
ing the token-level K1 estimator. Specifically, the
top-k FKL objective is defined as:

= Z TTw log
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Given the definitions of top-k£ FKL and K1-based

RKL, the generalized JSD objective with a balanc-
ing coefficient 5 can be written as:

TT v TS x
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k

4)

where x ~ g, Trry = BT + (1 — B)7s,, and
B = 0.5 by default.

As shown in Table 1, stand-alone FKL can not
achieve effective training when computed over only
a small subset of the vocabulary. This is mainly
because top-k FKL constitutes a biased approxi-
mation of the full-vocabulary FKL objective, and
applying this biased divergence to all sampled to-
kens can introduce increasingly distorted policy
gradients. Therefore, FKL is not suitable as the
standalone objective for OPD under constrained
vocabulary, while there would be great potential to
use FKL enhancing OPD objectives like JSD.

Token Filtering and Reward Clipping. To miti-
gate erroneous policy gradients induced by outlier
tokens, existing methods mainly adopt two strate-
gies: entropy-based token filtering and reward clip-
ping. In GRPO (Shao et al., 2024), training only on
the top 20% high-entropy tokens is commonly used
to suppress the interference of less informative to-
kens and accelerate RL convergence. REOPOLD
(Ko et al., 2026) instead applies reward clipping
to reduce the influence of erroneous token-level
supervision signals. Specifically, it requires a pre-
defined clipping threshold, and rewards exceeding
this threshold are clipped to the corresponding up-
per bound during training.

As shown in Tables 1 and 4, entropy-aware to-
ken selection (Wang et al., 2026b) does not con-
sistently benefit OPD: restricting optimization to
high-entropy tokens often degrades performance.
This suggests that, in the OPD setting, the teacher
can also provide sufficiently informative supervi-
sion on ordinary tokens, which should not be dis-
carded during training. Reward clipping improves
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Figure 3: Entropy comparison of OPD methods.

model performance in Table 1; however, as shown
in Table 4, its gains become marginal under other
settings. Moreover, the choice of clipping thresh-
old introduces an additional hyperparameter that
may substantially affect the learning dynamics and
convergence speed.

4.2 Trust-Region On-Policy Learning.

Based on the benchmark results, directly applying
conventional FKL or KL objectives defined on in-
termediate mixture distributions fails to effectively
address the erroneous policy gradients caused by
the large distributional mismatch. Meanwhile, sim-
ple reward clipping and entropy-based token selec-
tion provide only limited correction to the policy
gradients. We therefore focus on enabling more
effective learning while explicitly suppressing un-
reliable policy-gradient.

Inspired by trust-region policy optimization
(TRPO) in RL, we propose Trust Region On-Policy
Distillation (TrOPD) that only optimizes where the
policy-gradient is reliable. Given the trust-region
ML, and the outlier VL, the token-level objective in
x can be governed by:

j$0n = - M;L‘KL(T‘-S || 7TT) - MJ:KL(W'J' H 7‘—5)
= — M',A log @ — M‘I’. Z TT v 1(')g T .
T T TS v
veV;

&)

Since x ~ mg, we estimate RKL within the trust
region using the K; estimator, while approximating
the FKL term for outliers using a Top-k estimator:
T,/

dow VT TTw log _‘S L . In the following, we reason

the TrOPD objective step by step.

Outlier Masking. We focus on the first term,
—M., log :—i , and investigate whether effective
training can still be achieved after removing out-
liers. For a fair comparison, we temporarily adopt a
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Figure 4: Gradient norm comparison of OPD methods.

static threshold as Clip Outlier in REOPOLD. Dif-
ferent from Clip Outlier, which clips rewards ex-
ceeding the threshold 7, R(z) = max(log 72, 7),
Mask Outlier directly masks the token-level advan-
tage once its reward magnitude exceeds the thresh-
old, R(z) =1I[R > 7]log 75.

As shown in Table 1, both Mask Outlier and
Clip Outlier outperform the vanilla OPD baseline,
demonstrating that suppressing outlier policy gra-
dients improves optimization stability and down-
stream performance. As shown in Figures 3 and 4,
Mask Outlier directly eliminates the influence of
unreliable gradients. Compared with OPD and Clip
Outlier, it maintains higher policy entropy, thereby
better preserving the exploration capability during
OPD training. Moreover, by removing the gradi-
ents induced by outlier tokens during backprop-
agation, TrOPD achieves a lower gradient norm
than OPD and Clip Outlier, leading to more stable
optimization.

Adaptive Trust Region. Different from previ-
ous predefined threshold 7, we define the trust
region according to student policy wg(z) and
teacher check 7 (x). For each token sampled
from the student generation, z ~ mg, the prob-
ability of being classified into the trust region,
M, ~ Bernoulli( Pyyst (2)), is defined as:

Pirust (-T) = min <7TT(:E) ) 1) . (6)

ms(x)

This design is motivated by speculative decoding,
where the probability that the teacher model agrees

with a token decoded by the student model satis-
mr(z)
ms(z)
only the decoding regions accepted by the teacher,

it can be ensured that the student model remains
within effectively supervised regions under the Ky
estimator.

fies Paccept () o min( ,1). By selecting



Region Policy Objective Estimator Memory

On-Policy Trust Region T ~ TS —KL(7s||7r) ;T_T Eg O(n)
s

On-Policy Outlier T~ Ty —KL(7r||7s) Z mr(v) log ms(v) O(nk)

UEV(k) WT(U)
T
. . Ts(x)

Off-Policy Guidance T ~ T —BKL(7r||7s) Blog @) O(n)

(T

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

under the teacher distribution 7.

Outlier Estimation. Outlier regions exhibit
substantial distributional mismatch between the
teacher and student, but may still contain infor-
mative supervisory signals. Simply masking these
regions may therefore discard useful knowledge.
To partially recover such supervision, we introduce
an auxiliary forward KL (FKL) objective in outlier
regions. Specifically, because reverse KL estimated
from student-sampled tokens may fail to provide
reliable supervision under severe distributional mis-
match, we instead compute the distillation signal
from the teacher perspective:

_ TT(v
ijL = _M:r Z T (v) 1039" ( )7 (7)

TG (0
7,‘(\/‘{ 5(v)

where V{ﬁ = TopK(7r) denotes the teacher’s top-
k vocabulary. When Jv € V& st. mg(v) > 0,
the FKL objective enables imitation learning from
informative teacher-supported tokens in the outlier
region. In contrast, when Zve% ms(v) — 0, we
have KL(7p || mg) — 0, such that the auxiliary
outlier objective is suppressed and does not inter-
fere with gradient in the trust region. Therefore,
this design alleviates the potential loss of supervi-
sory information caused by region masking while
preserving stable trust-region optimization.

4.3 Off-Policy Trust-Region Guidance

To guide the student model to follow the teacher’s
trajectory, we propose an off-policy trust region to
provide offline constraints, as illustrated in Fig. 2.
The distillation trajectory consists of two parts: an
off-policy prefix x[: ] generated by the teacher, fol-
lowed by an on-policy continuation z [ :] generated
by the student. For complex reasoning tasks, this
design avoids low-quality outputs caused by the
limited capability of the student model. We apply
forward KL, KL, [.jj~r, (77 || 7s), for imitation

learning from the off-policy guidance:
jx = _ﬂKL;I?[:/]NﬁT (WT H ﬂ—S) + jxo[ln]
= —fl[x ~ 7wp|log LEA Iz ~ m}ch[)l?]
TS

®)
For the off-policy region, since samples are gener-
ated from the teacher, x ~ 7, we adopt the K
estimator for the forward KL, KL(7r || mg) =
log 7%, which achieves O(n) memory complexity.

Unified Optimization. We summarize the over-
all objective of TrOPD as:

TT v

TSw

jy;ﬁ“OPD = Iz ~ 7g]M, Z 7, log

eVl
— [z ~ mp|M, log 15 B[z ~ mp]log W—T,
T s

€))

where the details of each component are in Table 2.
Initially, the maximum off-policy trajectory length
is set to the maximum training sequence length.
During training, it is gradually annealed to zero
using a cosine schedule, such that generation be-
comes fully on-policy by the end of training.

5 Experimental Results

5.1 Implementation Details

Without loss of generality, we benchmark OPD
for reasoning models in two settings, i.e., single-
domain and multi-domain reasoning distillation.

Model. (1) For single-task distillation with
DeepSeek-Distilled-Qwen-1.5B (Zhang et al.,
2025), we use the representative mathematical rea-
soning task, where Skywork-OR1-Math-7B (He
et al., 2025b) serves as the teacher model and
DeepSeek-Distilled-Qwen-1.5B serves as the stu-
dent model. Since the student has already under-
gone extensive off-policy distillation, we directly
conduct OPD without additional SFT. (2) For multi-
task distillation with DeepSeek-Distilled-Qwen-
1.5B, we use Skywork-OR1-7B (He et al., 2025b)



Method AIME 24 AIME25 AMC23 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 1543 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-ORI1-
Math-7B and Skywork-OR1-7B are teacher models for the single-domain and multi-domain distillation respectively.

Method Math STEM Instruct Code Ave.
AIME 24 AIME25 AMC23 GPQAdia. MMLUred. IFBench LCB.v6
Qwen3-SFT-1.7B 3541 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-
Qwen-1.5B as the student model to evaluate OPD
in multi-domain reasoning tasks. (3) For multi-
task distillation with Qwen3-SFT-1.7B (Wang et al.,
2026a), the teacher model is trained from Qwen3-
4B-Base (Yang et al., 2025) using Nemotron SFT &
RL data and recipe (Appendix A for details). The
student model is trained from Qwen3-1.7B-Base
using the same SFT recipe.

Dataset. (1) For single-domain distillation, we
use prompts from the OpenThoughts3 dataset
(Guha et al., 2025) and retain only examples from
the mathematics domain. (2) For multi-domain
distillation, we use prompts from OpenThoughts3,
covering the mathematics, code, and science do-
mains. Only the prompts are retained for training.

Benchmark Training. To fairly compare exist-
ing OPD methods, we train all benchmarks using
the same training settings. Specifically, we perform
OPD training for 200 steps using a fixed learning
rate of 5 x 1079, For FKL-based methods imple-

mented with a top-k support set, we uniformly set
k = 64. For off-policy guidance, we set 5 = 0.001
for imitation learning. We use a prompt batch size
of 128 and sample 4 rollouts for each prompt, with
a maximum generation length of 8096 tokens.

Benchmark Evaluation. We evaluate the dis-
tilled models across mathematics, STEM, and in-
struction following domains. For mathematical
reasoning, we report results on AIME 2024, AIME
2025 (Shi et al., 2025), and AMC 2023, while each
result is the average accuracy of 32 times evalua-
tion. For STEM reasoning and instruction follow-
ing, we use GPQA Diamond, MMLU-Redux v2
(Gema et al., 2025), and IFBench (Pyatkin et al.,
2025). For code generation, we evaluate on Live-
CodeBench v6 (Jain et al., 2025).

5.2 Main Results

Single-Domain Distillation. As shown in Ta-
ble 3, we primarily evaluate mathematical reason-
ing performance on AIME 2024, AIME 2025, and
AMC 2023. We further report results on out-of-



Method AIME 24 AIME25 AMC23 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 AIME25 AMC23 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-
ing capability of OPD methods and their robustness
to domain shifts. Compared with OPD, TrOPD im-
proves the average performance by +3.06 points on
mathematical reasoning tasks and by +2.63 points
on general-domain tasks. REOPOLD corrects un-
reliable policy gradients using simple reward clip-
ping; nevertheless, TrOPD outperforms it by 1.99
and 1.84 points in the mathematical and general
domains, respectively, demonstrating the necessity
of trust-region learning and outlier estimation. Fur-
thermore, compared with entropy-based token se-
lection methods, including EOPD (Jin et al., 2026),
Entropy OPD (Ko et al., 2026; Wang et al., 2026b),
and REOPOLD 2Stage (Ko et al., 2026), TrOPD
achieves improvements of 2.63, 3.73, and 3.74
points, respectively. These results indicate that
outlier-aware token selection provides a more ef-
fective criterion than entropy-based selection.

Multi-Domain Distillation. As shown in Table 3
and Table 4, we evaluate multi-domain distilla-
tion performance with Skywork-OR1-Math-7B and
Qwen3-Nemotron-4B as the teacher models, re-
spectively. Since Skywork-OR1-Math-7B is pri-
marily trained for mathematical reasoning and code
generation, we mainly evaluate its distilled do-
mains on AIME 2024, AIME 2025, AMC 2023,
and LiveCodeBench. Compared with OPD, TrOPD

consistently improves the performance of both
DeepSeek-Qwen2.5-1.5B and Qwen3-SFT-1.7B,
achieving substantial average gains of +4.62 and
+3.44 points, respectively. These results demon-
strate that TrOPD can consistently improve distilla-
tion performance across different teacher—student
configurations and diverse reasoning tasks.

5.3 Ablation Studies and Discussion

As shown in Table 6, applying FKL only to outlier
regions achieves better performance than masking
or clipping outliers, demonstrating its effective-
ness for outlier estimation. Incorporating off-policy
guidance further improves the average scores of the
Clip, Mask, and FKL Outlier variants, confirming
its complementary benefit. Consequently, the three
TrOPD variants, i.e., TrOPD Mask, TrOPD Clip,
and TrOPD FKL, outperform OPD by 2.00, 1.94,
and 3.06 points on average, respectively.

We also notice the concurrent work AOPD (Jia
et al., 2026). As shown in Table 5, TrOPD out-
performs AOPD, while their combination further
improves the average score from 40.63 to 41.67.
This suggests that AOPD is orthogonal to TrOPD,
and combining complementary OPD optimization
strategies is a promising direction for future work.

6 Conclusion

This work proposes Trust Region On-Policy Dis-
tillation, a reliable and stable framework for
reasoning-oriented OPD. By trust region optimiza-
tion and outlier estimation, TrOPD effectively sup-
presses unreliable policy gradients while preserv-
ing informative supervision. We further intro-
duce off-policy guidance to encourage exploration
toward teacher-supported trajectories. Extensive
multi-domain results highlight the importance of
supervision reliability in on-policy reasoning dis-
tillation and demonstrate the future potential of
trust-region learning for training high-quality small
reasoning models.



Limitations

The primary limitation of this work is the lack of
practical deployment and application studies on
small reasoning models. In real-world scenarios,
training high-performing small reasoning models
often requires incorporating mid-training to fur-
ther improve their post-training reasoning capabil-
ities. This work focuses primarily on OPD-based
post-training using DeepSeek-Qwen2.5-1.5B and
Multi-Domain Distillation, which may constrain
the upper bound of the resulting reasoning perfor-
mance. Future work should investigate how ad-
ditional stages, such as mid-training, can further
enhance small reasoning models in practical de-
ployment settings. Nevertheless, this study focuses
on fair and controlled comparisons among OPD
methods.
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Appendix

A Training Details of Teacher Model
Qwen3-Nemotron-4B

The training pipeline is initialized from Qwen3-4B-
Base and consists of both supervised fine-tuning
(SFT) and reinforcement learning with verifiable re-
wards (RLVR). For SFT, publicly available datasets
released with Nemotron 3 Nano' (Blakeman et al.,
2025) are adopted. Entries without the messages
field are removed, and datasets from multiple do-
mains are combined. To match the domain distribu-
tion ratios reported in the corresponding technical
report, smaller datasets are upsampled while larger
datasets are randomly downsampled, resulting in
approximately 14M training samples.

For RLVR, the publicly available training blend
released with Nemotron 3 Nano? is adopted.
The resulting training mixture covers four do-
mains: (1) Math: 22,056 samples from DAPO (Yu
et al., 2025) and Skywork (He et al., 2025b,a);
(2) Coding: 19,169 samples from CodeCon-
tests (Li et al., 2022) and Open-R1 (Penedo
et al., 2025); (3) Science: 19,670 samples from
OpenScienceReasoning-2 (NVIDIA Corporation,
2025); and (4) Instruction Following: 16,575 sam-
ples from WildChat-1M (Zhao et al., 2024), with
instructions sourced from Open-Instruct (Lambert
et al., 2024).

During SFT, the Adam optimizer (Kingma,
2014) is used with a learning rate of 5 x 10~° and
a weight decay of 0.1. The warmup phase accounts
for 10% of the total training steps. The batch size

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

2https://huggingface.co/datasets/nvidia/
Nemotron-3-Nano-RL-Training-Blend
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is set to 512, with an average response length of
approximately 7K tokens.

During RLVR, GRPO is employed with a group
size of 16, together with masked importance sam-
pling to improve consistency between training and
inference. The batch size is set to 128, and model
parameters are updated every 2048 rollouts. The
maximum generation length is capped at 32K to-
kens, and the sampling temperature is set to 1.0 to
encourage exploration. Multi-task RLVR training
is conducted for 1000 steps using a constant learn-
ing rate of 2 x 1076, The Adam optimizer is used
with a weight decay of 0.1.

For reward verification, the evaluator released
with Qwen QwQ-32B (Team, 2025b) is used for
mathematical reasoning tasks. The IFEvalG veri-
fier (Lambert et al., 2024) is used for instruction-
following tasks. For coding tasks, Sandbox-
Fusion (Bytedance-Seed-Foundation-Code-Team
et al., 2025) serves as the execution sandbox for
obtaining unit-test outcomes.
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