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Abstract

On-policy distillation (OPD) trains a student
on its own trajectories with token-level teacher
feedback and often outperforms off-policy dis-
tillation and reinforcement learning with veri-
fiable rewards. However, we find that its stan-
dard advantage-weighted policy gradient suf-
fers from three structural weaknesses, includ-
ing high-variance updates, vanishing gradients
in zero-advantage regions, and exploration bot-
tlenecks for models with limited capability. We
therefore propose asymmetric on-policy dis-
tillation (AOPD), which replaces ineffective
policy gradient with localized divergence min-
imization in non-positive advantage regions
while preserving positive reinforcement learn-
ing. Experiments on mathematical reasoning
benchmarks show that AOPD consistently out-
performs standard OPD, with average gains of
4.09 / 8.34 under strong / weak initialization,
respectively. AOPD also maintains higher pol-
icy entropy during training and better capability
retention during sequential tool-use adaptation.
Our source code is available at repository.

1 Introduction

The strong capabilities of large language models
(LLMs) (Yang et al., 2025; Kimi Team et al., 2026;
DeepSeek-Al et al., 2026) come at a steep com-
putational cost. To make LLMs more accessible,
knowledge distillation (Hinton et al., 2015) offers
a principled path to compress the capabilities into
smaller models. However, this paradigm carries
a well-known vulnerability in that the student en-
counters exposure bias (Bengio et al., 2015) after
training exclusively on the off-policy trajectories.
On-policy distillation (OPD) (Lu and Thinking
Machines Lab, 2025) resolves this mismatch by op-
timizing the student on its own trajectories through
a reinforcement learning objective. Using token-
level rewards derived from teacher—student log-
probability differences, it achieves strong training

*Corresponding author.

efficiency and has become a key technique in post-
training (Xiaomi LLM-Core Team et al., 2026;
GLM-5-Team et al., 2026).

However, we observe that this advantage formu-
lation exhibits three limitations: (1) In the negative
region, the advantage distribution exhibits a heavy
tail with large variance, as shown in Figure 1a. As
a result, negative tokens can induce highly variable
updates, thereby destabilizing the optimization pro-
cess. (2) A large fraction of sampled tokens con-
centrates near zero advantage. The policy gradient
consequently produces an almost vanishing update.
(3) OPD relies on the exploration mechanism of
reinforcement learning for optimization. However,
for models with limited initial capability, this pro-
cess can easily degenerate into blind exploration.

To address the above limitations, we bridge the
principles of reinforcement learning and supervised
learning at the token level to propose asymmetric
on-policy distillation (AOPD). Specifically, when
a token receives a negative advantage, AOPD does
not rely on self-exploration. Instead, it directly
matches the teacher model’s target distribution
conditioned on the on-policy trajectory prefix via
Kullback-Leibler (KL) divergence. This asymmet-
ric design allows the student to retain the benefit of
exploitation in reinforcement learning while receiv-
ing stronger correction at optimization bottlenecks.

We evaluate AOPD on competition-level math-
ematical reasoning benchmarks. Across model
scales and warm-up settings, AOPD delivers
stronger and more robust performance than exist-
ing baselines. The localized guidance also leads
to better capability retention in continual learning.
Our main contributions are summarized as follows:

* We analyze on-policy distillation in zero and
negative advantage regions and show that
the standard advantage-based update provides
limited learning signal for effective correction.

* We propose asymmetric on-policy distillation,
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Figure 1: Observation and analysis of on-policy distillation.

a token-level method that adaptively shifts
from policy gradient to localized distribution
matching when the advantage signal carries
limited information.

e Experiments on mathematical reasoning
benchmarks show that AOPD consistently im-
proves over baselines, especially under weak
initialization, and better preserves prior capa-
bilities during sequential tool-use adaptation.

2 Related Work

The foundation of knowledge distillation was es-
tablished by Hinton et al. (2015), who showed that
a compact student can learn from a larger teacher
by matching its softened output logits. Classical
off-policy distillation has achieved considerable
success (Hsieh et al., 2023; Tian et al., 2025; Xu
et al., 2024) in strong-to-weak distillation. For se-
quence generation, Kim and Rush (2016) extended
this idea to Sequence-Level Knowledge Distillation
(SeqKD), aligning the student with the teacher’s
sequence-level distribution. However, all these
classical methods are trained off-policy on teacher-
generated trajectories and therefore remain vulner-
able to exposure bias (Bengio et al., 2015).

To mitigate this mismatch, recent work has
shifted toward on-policy distillation, where the stu-
dent learns on its own rollouts with teacher feed-
back. GKD (Agarwal et al., 2024) formalizes this
as minimizing generalized f-divergences on stu-
dent trajectories. Gu et al. (2024) and Lu and
Thinking Machines Lab (2025) formulate on-policy
distillation as a reinforcement learning objective
with dense token-level rewards derived from the
teacher. Li et al. (2026) identify teacher-student
compatibility and novel capability transfer as two
key conditions for effective OPD. Beyond teacher
alignment, ExOPD (Yang et al., 2026) extrapolates
reward scaling to surpass the teacher’s capabili-

ties. SCOPE (Zheng et al., 2026) further uses
perplexity-calibrated adaptive weighting to apply
different supervision to correct and incorrect trajec-
tories. Some work further explores multi-teacher
extensions of OPD. MiMo-V2 (Xiaomi LLM-
Core Team et al., 2026) introduces Multi-Teacher
On-Policy Distillation (MOPD), while DeepSeek-
V4 (DeepSeek-Al et al., 2026) adopts a similar
pipeline via full-vocabulary reverse KL divergence.
CoPD (Gu et al., 2026) further argues that post-
hoc MOPD may fail to fully internalize teacher
capabilities, and proposes bidirectional OPD to co-
evolve experts. Some work removes the reliance
on external teachers by distilling from the model’s
own distributions. OPSD (Zhao et al., 2026) and
its long-context extension OPSDL (Zhang et al.,
2026b) leverage ground-truth feedback on self-
generated traces, while SDFT (Shenfeld et al.,
2026) mitigates catastrophic forgetting under the
same paradigm.

3 Preliminaries

3.1 Formulation of OPD

OPD optimizes the reverse KL divergence with
reinforcement learning based on the K1 estima-
tor. We formalize the training procedure below.
Given an input prompt z, let y denote a response
sampled from the student policy. At step ¢, let
¢t 2 (x,y<¢) denote the current context, and let
Pr(- | ¢) and Ps(- | ¢;) denote the teacher and
student conditional distributions. The advantage of
token y; ~ Pg(- | ¢;) is defined as:

Ay = sgllog Pr(y: | ¢t) —log Ps(y: | ct)], (1)

where sg|[-] denotes the stop-gradient operator. The
corresponding training loss is

y|

> Alog Ps(yi | )| . ()

Lopp = —E ol
Yy t=1
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Motivated by Zhu et al. (2025) and Tang et al.
(2026), which highlight the distinct roles of posi-
tive and negative samples in reinforcement learn-
ing, we decompose OPD into positive and negative
reinforcement at the token level. Let ST and S~
denote the sets of token positions with positive and
negative advantages, respectively, and let y;” and
y, denote the corresponding sampled tokens. The
OPD loss can be written as

1
Lopp = —E ol > Ailog Ps(y;t | )
y teS+
EPDS
1 _
~E|— Z Ailog Ps(y; | e)| . (3)
vl S5

ENeg

Here, Lpos corresponds to positive reinforcement,
which reinforces teacher-favored sampled tokens.
In contrast, Lneg corresponds to negative reinforce-
ment, which suppresses teacher-disfavored sam-
pled tokens and promotes exploration.

3.2 Limitations of OPD

Despite its intuitive formulation, standard OPD
remains subject to several challenges in practice.
Through theoretical analysis and experimental vali-
dation, we identify three characteristic limitations.

Heavy Tails in Negative Advantages. Figure 1a
shows that the negative side of the advantage dis-
tribution exhibits a substantially broader tail. The
extreme variance originates from the logarithmic
nature of the advantage formulation. The differ-
ence between the log probability of the teacher and
the student amplifies exponentially as the probabil-
ity approaches zero. Because the update magnitude
is directly scaled by this unbounded scalar, the
mechanism artificially inflates gradient variance
and renders the overall optimization fragile.

Vanishing Updates at Zero Advantages. A sec-
ond limitation arises in the neutral regime. As
shown in Figure la, the vast majority of sam-
pled tokens cluster around an advantage of zero.
In this regime, the teacher remains able to offer
fine-grained preferences over alternative reasoning
paths. However, OPD only receives a zero signal,
producing an almost vanishing update.

Exploration Black Hole. A fundamental opti-
mization problem arises in negative reinforcement,
where the update of OPD is restricted in both direc-
tion and magnitude. To understand this behavior,
we examine the OPD update at the logit level. Let
z, denote the student logit for token v under con-
text ¢, so that Pg(v | ¢;) = softmax(z),. By the
softmax Jacobian, the update for any token v is
given by:

AZOPP o Ay (I(v =) — Ps(v | er)). (@)

When A; < 0, the sampled token is penalized,
and for every unsampled token v # v, the update
becomes

AzOFP o —A,;Ps(v | ¢) > 0. (5)

Hence, the released probability mass is redis-
tributed strictly according to the current prior of
the student. As illustrated in Figure 1b, for an es-
sential token v* with negligible prior probability
Pg(v* | ¢;) =~ 0, the corrective update is corre-
spondingly negligible. OPD suppresses the sam-
pled mistake without effectively promoting the cor-
rect alternative, trapping the model in an explo-
ration black hole. This pathology is more severe
for models with weaker foundational capabilities,
as essential tokens are more likely to reside in the
low-probability tail of the student prior. Figure 1c
illustrates this effect by comparing OPD models
with different steps of SFT warm-up. The model
with fewer warm-up steps makes exploration black
holes more likely and thereby undermines both rea-
soning improvement and ability retention.

These observations suggest that tokens in non-
positive regions should not be optimized in the
same way as positive reinforcement. The learning
signal in these regions is insufficient and therefore
calls for an asymmetric training rule.

4 Asymmetric On-Policy Distillation

To systematically resolve the structural vulnerabil-
ity of standard on-policy distillation, we propose
asymmetric on-policy distillation (AOPD). As illus-
trated in Figure 2, AOPD dynamically modulates
the learning paradigm at the token level. It shifts be-
tween reinforcement learning for exploitation and
soft-label supervised learning for imitation based
on the student’s local capability.

4.1 The AOPD Framework

We now present a formal definition of AOPD. We
compute the token-level advantage A; using Eq. 1
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Sophia wants to make apple pies for her friends. Each pie requires 6 apples. If she plans to
make 7 pies and has 10 apples at home, how many more apples does she need to buy?
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Figure 2: Overview of AOPD. Left (exploitation): When the student’s reasoning aligns with the teacher, AOPD
reinforces successful exploration. Right (imitation): When the student encounters an exploration bottleneck, AOPD
actively switches to directed teacher guidance by minimizing the distributional divergence.

as in standard OPD. As discussed in Section 3.2,
the main optimization difficulties of OPD are con-
centrated in negative and zero-advantage regions.
We therefore replace the update in non-positive re-
gions with forward KL minimization computed on
the teacher-defined support. For each position ¢,
we define the teacher support as

S, = TopK(Pr(- | ¢;), K), (6)

where .S; contains the K highest-probability tokens
under the teacher distribution. On this support, the
forward KL guidance loss is instantiated as

1
o =L ; Pr(v]| ) (log Pr(v | cr)

—log Pg(v | ct)>. @)

Accordingly, the AOPD objective is defined as

Laopp =B | — > LI + Lros, (8)
vl tesS=<0
where S<C denotes the non-positive token set.
AOQOPD uses zero advantage as the default inter-
vention boundary. To define the intervention loca-
tion in a more general form, we further introduce a
threshold parameter 7. Considering the logarithmic
nature of the standard advantage formulation and
its unbounded variance, we use the bounded prob-
ability difference to determine whether to trigger

teacher intervention. Specifically, we define the
token-level mask as:

Gt =1(Pr(y: | ct) — Ps(ye | et) < 7),  (9)

where I(-) denotes the indicator function. The gen-
eralized AOPD objective is then defined as:

|y]

1
Laoprp =E [ > (GtﬁfKL
ly| =
+(1- Gt)E?PD)] .10
Setting 7 = —1 disables intervention for all tokens

and reduces AOPD to OPD, while setting 7 = 1
applies global supervised distribution matching and
recovers a GKD objective. In our method, we set
7 = 0, so that intervention is applied exactly to
the non-positive regime. The effects of alternative
intervention locations and different values of 7 are
further analyzed in Section 4.3 and Appendix D.3.

4.2 Truncated Forward-KL Guidance

In principle, the intervention objective should min-
imize the divergence between the teacher and the
student over the full vocabulary. The divergence
family can be written in the general form of Jensen—
Shannon divergence (JSD) as

JSDg(Pr || Ps) =BDxL(Pr || Pa)

+ (1 = B)DkL(Ps || Pu),
(11)
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Figure 3: Training dynamics under different divergence-guidance strategies.

where Py = BPr + (1 — 8)Ps and 8 € [0,1].
Here, B = 1 corresponds to forward KL, while
B = 0 corresponds to reverse KL.

However, evaluating such a divergence at every
intervened position is computationally prohibitive
in large-vocabulary LLM training. We therefore in-
stantiate the guidance term on the teacher-selected
top-K support in Eq. 6. Under top-K truncation,
the learning objective becomes a correction defined
on a teacher-selected domain. In this setting, the
teacher specifies both the candidate tokens and the
reference distribution within that domain. There-
fore, forward KL is the natural choice because it
preserves the same teacher-conditioned measure
in both support construction and loss weighting.
In contrast, reverse KL would reweight the update
according to the student’s current distribution on
a domain selected by the teacher. The detailed
gradient analysis is provided in Appendix B.1.

Empirical evidence in Section 5.4.1 further fa-
vors placing more emphasis on the teacher distribu-
tion. We also find that reverse KL induces anoma-
lous training behaviors in Appendix B.2. Com-
bined with the support-consistency argument above,
these results motivate our choice of 5 = 1.

4.3 A Unified Solution to the Bottlenecks

We now explain why the single confidence-based
rule in AOPD is sufficient to unify the solutions for
the three optimization bottlenecks identified in Sec-
tion 3.2. By setting 7 = 0, the core mechanism is
to switch from policy gradient to direct distribution
matching exactly where A; < 0.

(1) Eliminating high-variance negative advan-
tages. As analyzed in Section 3.2, standard OPD
suffers from high-variance gradient updates when
A < 0. AOPD eliminates this instability by halt-
ing the policy gradient update in these regions and

replacing it with divergence guidance. For the for-
ward KL case, the logit-level correction is instead
governed by the bounded distribution gap:

AZ3OPD o Pr(v | ¢;) — Ps(v | ). (12)
Constrained by the probability simplex, this sig-
nal naturally caps the maximum update magnitude.
Figure 3a confirms this effect, showing that AOPD
maintains a substantially smaller gradient norm
than OPD in early stage of training.

(2) Recovering gradients in zero-advantage re-
gions. In zero-advantage regions where the origi-
nal gradient nearly vanishes, AOPD still aligns the
student toward alternative reasoning paths. Conse-
quently, the student can still receive meaningful cor-
rections on the teacher-defined support. Figure 3b
directly supports this by evaluating AOPD-Zero,
a variant that applies KL-divergence intervention
only to tokens whose advantages are zero. Com-
pared with standard OPD, this targeted replacement
already yields clear gains, confirming that neutral
regions contain useful teacher signals that are dis-
carded by the policy gradient method.

(3) Escaping exploration bottlenecks through
teacher guidance. When trapped in an explo-
ration black hole, OPD merely suppresses the sam-
pled mistake without promoting the correct, un-
sampled token. AOPD resolves this by explicitly
injecting the missing directional signal. As shown
in Eq. 12, any token favored by the teacher but un-
derestimated by the student immediately receives a
positive correction proportional to their probability
gap. By directly matching the teacher’s target dis-
tribution on the on-policy prefix, AOPD repairs op-
timization bottlenecks instantly rather than waiting
for the student to discover the correct token. This
is further evidenced in Figure 3b by the 7 = —0.2
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Method AIME 2024 AIME 2025 HMMT 2025 (Feb) Average
Pass@] Pass@4 Pass@] Pass@4 Pass@] Pass@4  Pass@] Pass@4
Qwen3-4B-Base

— 3k SFT Warm-up
SFT Checkpoint 52.29 71.90 46.25 64.82 27.08 38.97 41.87 58.56
+ SeqKD 42.50 65.23 40.00 60.09 24.58 38.01 35.69 54.44
+ OPD 57.08 76.69 51.88 68.12 32.92 47.65 47.29 64.15
+ ExOPD 59.17 73.99 51.25 66.59 32.08 47.30 47.50 62.63
+ GKD 58.13 76.61 50.42 69.12 29.79 45.39 46.11 63.71
+ AOPD 61.04 75.08 54.37 69.73 32.08 47.40 49.16 64.07

Qwen3-8B-Base

— 1k SFT Warm-up
SFT Checkpoint 45.21 68.29 39.79 58.62 24.58 34.68 36.53 53.86
+ SeqKD 40.21 68.08 30.63 50.00 20.62 36.78 26.11 42.87
+ OPD 43.13 67.38 38.12 56.84 23.13 34.95 34.79 53.06
+ ExOPD 45.83 72.31 36.04 53.86 24.37 38.02 35.41 54.73
+ GKD 54.79 77.92 42.08 63.69 25.83 40.21 40.90 60.61
+ AOPD 53.75 77.39 45.21 66.86 30.42 46.73 43.13 63.66

— 3k SEFT Warm-up
SFT Checkpoint 58.96 74.95 47.71 66.73 31.04 44.19 45.90 61.96
+ SeqKD 51.04 76.56 40.00 56.98 25.42 43.80 38.82 59.11
+ OPD 61.46 78.61 52.29 70.44 34.17 50.86 49.31 66.64
+ ExOPD 61.67 77.55 48.75 65.83 34.17 50.22 48.20 64.53
+ GKD 66.25 80.65 48.54 70.56 34.17 49.67 49.65 66.96
+ AOPD 66.87 79.58 55.00 70.28 38.33 52.42 53.40 67.43

Table 1: Main results across multiple math reasoning benchmarks. Baseline capabilities before on-policy distillation
are given by the SFT Checkpoint. We compare AOPD against SeqKD, OPD, GKD and ExOPD. Bold indicates the
best result within each configuration block, while underlined values denote the second best.

variant, which applies forward KL guidance only
when the teacher—student gap is sufficiently nega-
tive. Figure 3c shows that this variant intervenes
on fewer than 10% of all generated tokens. How-
ever, this sparse intervention already yields clear
gains over OPD, confirming that targeted teacher
distribution guidance is highly efficient at rescuing
optimization from exploration black holes.

5 Experiments

5.1 Experimental Setup

Training Data and Benchmarks. Our experi-
ments focus on two abilities: mathematical rea-
soning and tool use. For mathematical reasoning,
we first use the OpenThoughts dataset (Guha et al.,
2026) for warm-up training, and then conduct distil-
lation on DeepMath (He et al., 2026). We evaluate
mathematical reasoning on AIME 2024/2025 and
HMMT 2025 (Feb). For tool use, we further train
the model on ToolAlpaca (Tang et al., 2023) in
the continual learning stage, and evaluate it on the
test set with the tool-call success rate. This setting
allows us to examine both reasoning distillation per-
formance and the ability to acquire new skills while
retaining previously learned reasoning capability.

Models. Following convention, we evaluate our
method under two settings: (1) distilling from
Qwen3-32B to Qwen3-8B-Base, and (2) distilling
from Qwen3-8B to Qwen3-4B-Base (Yang et al.,
2025). These challenging scenarios validate our
method across different parameter scales.

Baselines. We compare AOPD against four base-
lines: (i) SeqKD (Kim and Rush, 2016), which
continues supervised fine-tuning on the trajectories
generated by the teacher model; (ii)) OPD (Lu and
Thinking Machines Lab, 2025), standard on-policy
distillation using K1-estimated reverse KL diver-
gence as the per-token advantage; (iii) GKD (Agar-
wal et al., 2024), which we implement as forward
KL divergence on the teacher’s top-K support
over student-generated trajectories; and (iv) Ex-
OPD (Yang et al., 2026), an extrapolation-based
variant for OPD.

Training Pipeline. We first warm up the base
models to equip them with basic abilities. Specif-
ically, we warm up base models for 3,000 steps,
alongside an experimental setting of 1,000 steps to
yield variants with distinct foundational capabili-
ties for robustness assessment. At distillation stage,
models are first trained on mathematical tasks, fol-
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lowed by tool-call tasks for continual learning. Dur-
ing the subsequent distillation phase, we uniformly
set the teacher support size K to 32 in AOPD and
GKD for a fair comparison. Regarding ExOPD, we
use its best-reported hyperparameters in the paper.
More details about implementation and training
hyperparameters are reported in Appendix C.

5.2 Main Results on Reasoning

Table 1 shows that AOPD consistently achieves the
best overall reasoning performance across model
scales and warm-up settings. For Qwen3-4B-Base,
it already attains the best average Pass@1, demon-
strating its effectiveness in smaller-scale distilla-
tion. For Qwen3-8B-Base with the more challeng-
ing 1k-step warm-up, AOPD still delivers the best
overall performance, while standard OPD falls be-
low the warm-up baseline, highlighting AOPD’s
robustness. Under the 3k-step warm-up, AOPD
further achieves the best overall results, reaching
53.40 average Pass@1 and 67.43 average Pass@4.
Extended results are provided in Appendix D.1.

45
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Figure 4: Training dynamics of Qwen3-8B-Base under
different initializations.

Figure 4 further illustrates the training dynamics
of different methods in terms of average math score.
Across both settings, OPD and ExOPD exhibit a
noticeable early performance drop. This issue is
especially severe under the weaker 1k-step initial-
ization, where recovery from poor states is difficult.
GKD shows a more stable trajectory, but its final
performance still falls short of AOPD. In contrast,
AOPD improves steadily from the start under both
initialization settings and consistently reaches the
highest performance ceiling. Its asymmetric de-
sign not only avoids the early degradation but also
translates training stability into stronger final rea-
soning performance. Detailed training dynamics
are further shown in Appendix D.2.

—— AOPD (1=0)
GKD (r=1)
— OPD (t=-1)

pass@1

pass@4

[ 20 40 60 80 40 50 60 70
Training Step Math Avg. Score (%)

Figure 5: Policy entropy
during training.

Figure 6: Effect of the di-
vergence weighting.

5.3 Continual Learning

We evaluate continual learning on ToolAlpaca to
test whether models can acquire a new ability while
retaining mathematical reasoning performance. Ta-
ble 2 shows that AOPD achieves the best balance
between adaptation and retention, attaining a com-
petitive 75.0% success rate while preserving the
strongest math performance. In contrast, OPD, Ex-
OPD, and GKD all suffer math degradation after
continual learning, with OPD showing the largest
drop. These results suggest that localized teacher
guidance enables adaptation to new abilities with-
out overwriting prior reasoning ability.

Math Avg. Pass@4

Method Tool Use Before / After Drop (})
OPD 65.0 66.64 /59.15 -7.49
ExOPD 67.0 64.53/63.04 -1.49
GKD 76.0 66.96 / 64.54 -2.42
AOPD 75.0 67.43 / 68.04 +0.61

Table 2: Performance after continual learning.

We further examine the training dynamics of
AOPD to explain its capability retention. As earlier
shown in Figure 3c, the fraction of tokens receiv-
ing divergence guidance is limited and gradually
decreases from about 40% to 30% during training.
Most tokens are still optimized by policy gradient.
Figure 5 further shows that OPD suffers severe en-
tropy collapse, while GKD keeps the policy near
its initial entropy. In contrast, AOPD maintains
higher entropy throughout training, suggesting that
it preserves a broader policy space while applying
correction only at difficult positions. This helps
explain why AOPD better acquires new tool-use
ability while retaining prior reasoning competence.
In other words, AOPD does not rely on globally
reshaping the student into the teacher, but on selec-
tively repairing the difficult parts of the trajectory
where explicit guidance is most needed.
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5.4 Ablation Study

5.4.1 Divergence Weighting in AOPD

The parameter /3 controls the interpolation between
student-centric smoothing (5 — 0) and teacher-
centric guidance (5 — 1) during interventions. Fig-
ure 6 shows that AOPD attains its highest Pass@1
score at 5 = 1 and the highest Pass@4 at 8 = 0.9.
More generally, the results show a clear trend
that performance increases as the divergence be-
comes more biased toward the teacher distribution.
This empirical trend further validates the support-
consistency principle discussed in Section 4.2.

5.4.2 Effect of the Teacher Support Size

We further study the effect of the teacher support
size K in AOPD. As K increases from 8 to 16
and 32 in Figure 7a, the final Pass@1 scores on
AIME 2024/2025 and HMMT 2025 (Feb) improve,
suggesting that a larger top-K preserves a richer
portion of the teacher distribution and thus provides
more complete signals. At the same time, we ob-
serve that smaller K often yields larger gains at
the early stage of training, as shown in Figure 7b.
This suggests that restricting supervision to a few
high-probability teacher tokens produces denser
and more concentrated learning signals, which is
more beneficial for rapid initial improvement. In
contrast, larger K brings less pronounced early
gains. However, it retains a broader candidate dis-
tribution and therefore provides more informative
signals in the later stage of training, leading to
a higher final performance ceiling. While larger
K could in principle further improve final perfor-
mance, increasing K beyond 32 only adds low-
probability tokens with negligible training signal
and degrades training efficiency. We therefore set
K = 32 as the default throughout our experiments.

5.4.3 Effect of Intervention Location

The effectiveness of AOPD depends not only on
whether KL guidance is used, but also on where
the intervention is triggered. We consider three
strategies: a token-level threshold 7, which selects
low-confidence positions for intervention; an ac-
curacy filter, which applies KL guidance only to
negative advantage regions from trajectories with
incorrect final answers; and AOPD-Zero, which fo-
cuses exclusively on neutral regions with A; = 0.
Figure 7c shows that standard AOPD with 7 = 0
achieves the strongest overall performance. How-
ever, the more conservative setting 7 = —0.2 im-
proves more slowly, indicating that shrinking the
intervention range weakens the benefit of teacher
guidance. Extended studies on 7 are presented in
Appendix D.3. The accuracy-filtered setting re-
mains competitive but consistently trails standard
AOPD under the same threshold, suggesting that
informative correction signals also arise in correct
trajectories. Meanwhile, AOPD-Zero outperforms
7 = —0.2, which confirms that neutral regions are
a major source of optimization stagnation in OPD.
These results highlight that the benefit of AOPD
is not confined to correcting obvious errors, but
also arises in correct trajectories or neutral posi-
tions. Overall, the best results are achieved only
by standard AOPD, and any reduction in the set of
intervened positions leads to a drop in performance.

6 Conclusion

In this work, we identify three limitations of
OPD and propose asymmetric on-policy distillation
(AOPD). AOPD preserves policy gradient updates
where they are reliable and applies direct teacher
distribution alignment where stronger correction is
needed. Evaluations across multiple benchmarks
show that AOPD consistently improves mathemat-
ical reasoning and remains stable under different
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model scales and initialization steps, where stan-
dard OPD often struggles. More broadly, our re-
sults suggest that combining exploitation and imita-
tion at the token level can preserve policy entropy
and better retain previously acquired capabilities.

Limitations

Our evaluation is limited to mathematical reasoning
and tool-use settings, and it remains to be explored
how AOPD performs on other task types. Combin-
ing AOPD with reinforcement learning driven by
verifiable rewards may yield additional gains on
tasks where outcome-based reward is available. In
addition, the current instantiation of AOPD adopts
a fixed intervention design, and future work may
investigate more adaptive intervention strategies.
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A Related Work about Joint SFT-RL
Optimization

Because on-policy distillation follows a reinforce-
ment learning paradigm, it remains vulnerable to
exploration bottlenecks. To alleviate this issue,
recent work incorporates supervised learning or
expert demonstrations into RL. Some methods
dynamically interleave SFT and RL, such as Re-
LIFT (Ma et al., 2026), SASR (Chen et al., 2025),
and BRIDGE (Chen et al., 2026), while others
unify them in a single-stage objective, including
SRFT (Fu et al., 2026) and Prefix-RFT (Huang
et al., 2026). A related line instead interprets SFT
as off-policy guidance within on-policy RL, as in
LUFFY (Yan et al., 2025) and CHORD (Zhang
et al., 2026a). In this spirit, AOPD introduces lo-
calized soft-label supervised learning to improve
exploration efficiency in OPD.

B Extended Analysis on Truncated
Teacher Guidance

B.1 Gradient Analysis

In this section, we compare the logit-level gradients
induced by forward KL and reverse KL under the
same teacher-defined support S;. For simplicity,
Ps(- | ¢;) and Pr(- | ¢;) denote the normalized
student and teacher distributions on S;. We first
consider the forward KL objective

L5 = Dxn(Pr(- e | PS(’ | et))
B ZPTU|Ct logP Pr(v|c)
vESY (U | Ct)

(13)

Taking derivatives with respect to the student logits,
the term > s Pr(v | ¢t)log Pr(v | ¢;) can be
treated as a constant. We therefore have

oLfxL 9
o5 (972] — Z Pr(v | ¢)log Ps(v | ¢r)
VESt
=Ps(j | ct) = Pr(j| e, JE S
(14)

We next consider the reverse KL objective

LY = Dir(Ps(- | e) || Pr(- | cr))
B Ps(v|c) (15)
ZPS v | ) logp (o)’

vESt
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Figure 8: Training dynamics under different 3 values.

Differentiating with respect to z; gives

oLy Ps(j | e
0z = Ps(j | ct) (bgm
1
~ Diw(Ps(- | ) | e[ e))),

j €S,

The difference between Eq. 14 and Eq. 16 is
important in the intervention regime. Forward KL
yields a direct distribution gap correction on the
selected support. By contrast, the reverse KL gra-
dient depends on the current student distribution in
a more involved way. Its update is explicitly scaled
by Ps(j | ¢), and the inner term is also deter-
mined by a student-dependent log ratio relative to
the global reverse KL value. As a result, the recov-
ery signal is less direct when a teacher-preferred
token has already been strongly suppressed by the
student. This comparison explains why forward
KL is better suited to the teacher-defined support
used in AOPD.

B.2 Training Dynamics

We further examine the training dynamics under
different 5 values and observe an anomalous pat-
tern when the objective tilts toward reverse KL.
Figure 8a shows that as the divergence becomes
more biased toward the student distribution, the
optimization exhibits more unstable gradient be-
havior. In particular, the gradient norm exhibits
the most severe spikes at 5 = 0 and 0.1, whereas
the teacher-leaning settings 8 = 0.9 and 1 yield
the smoothest training dynamics. Figure 8b shows
that the entropy under reverse KL (5 = 0.0) under-
goes a sharp initial surge, followed by an abrupt
collapse to near zero. This trajectory indicates
that the student rapidly transits into a converged,
low-entropy policy. Concurrently, Figure 8c re-
veals that the proportion of tokens receiving di-

vergence guidance plummets at the same entropy
collapse phase, implying that most generated po-
sitions register positive advantages and exit the
intervention regime. The ablation results in Sec-
tion 5.4.1 demonstrate that this apparent conver-
gence coincides with severe degradation in reason-
ing capability. We attribute this to a reward-hacking
phenomenon in on-policy distillation. The student
discovers a mode-collapsed strategy that artificially
suppresses the reverse KL value while failing to ac-
quire the teacher’s reasoning patterns. In contrast,
forward KL maintains stable entropy and sustained
intervention throughout training, yielding both su-
perior and more robust performance.

C Implementation Details

Environment. Experiments are implemented on
top of VeRL (Sheng et al., 2025) (v0.3.1) for
on-policy distillation training and vLLM (Kwon
et al., 2023) (v0.8.5) for teacher model deployment.
Training is distributed via PyTorch FSDP and coor-
dinated by Ray across 16 A100-80G GPUs, with an
additional 8 A100-80G GPUs dedicated to serving
the teacher model.

Hyperparameter Value
Training

Learning rate 1x107°
Train batch size 512
Max response length 12288
Rollout temperature 1.0
Teacher top-K 32
Evaluation

Temperature 0.6
top-p 0.95
top-k 20
Max generation length 32768

Table 3: Training and evaluation parameters.
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Parameters. Table 3 summarizes the main train-
ing and evaluation parameters used in our experi-
ments. The full set of parameters is available in our
code repository.

D Extended Experiments

D.1 Extended Main Results

We further supplement Table 4 with the results of
Qwen3-4B-Base under a 1K-step SFT warm-up
initialization. We observe that AOPD still attains
the best overall performance, which is consistent
with the trend observed in the main text.

D.2 Detailed Training Curves

We report the full test-set performance dynamics
throughout training for both warm-up settings on
Qwen3-8B-Base. Figure 10 traces Pass@1/4/8 ev-
ery 10 steps across the training trajectory.

Across both initialization settings, AOPD consis-
tently achieves the highest scores on Pass@1/4/8
across all benchmarks. Under weak initialization,
this advantage is particularly pronounced. The
substantial performance gap indicates that AOPD
remains effective even for students with weaker
foundational capabilities. Under strong initializa-
tion, the margin between AOPD and baselines nar-
rows, though AOPD still reaches the highest per-
formance ceiling. This convergence suggests that
methods such as OPD are more dependent on the
student’s initial capability. A stronger base model
produces trajectories where student tokens more
frequently receive positive advantages from the
teacher, thereby reducing the frequency of explo-
ration black holes and alleviating the structural
weaknesses of negative reinforcement.

D.3 Extended Ablation Studies on 7

We further conduct an extended study on the inter-
vention threshold 7. As shown in Figure 9a, the
mathematical reasoning performance gradually de-
clines as 7 decreases, and begins to plateau once
7 reaches —0.2. This trend suggests that reduc-
ing 7 lowers the proportion of positions that re-
ceive forward KL supervision, thereby weakening
the teacher-guided correction effect in AOPD. As
the intervention becomes increasingly sparse, the
model correspondingly moves closer to standard
OPD, and the performance eventually stabilizes.
This behavior is further explained by the inter-
vention ratio in Figure 9b. When 7 < —0.2, the
fraction of tokens that trigger the supervision loss
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Figure 9: Training dynamics under different 7 values.

drops to below 10% of all generated tokens. As
a result, only a very small subset of positions re-
ceives explicit teacher guidance, which explains
why the performance gap becomes relatively small
once 7 is reduced beyond —0.2. These results
suggest that the full benefit of AOPD is realized
only when teacher guidance spans the entire zero-
advantage and negative-advantage regions, whereas
reducing forward KL supervision in the negative-
advantage region correspondingly weakens the ef-
fect of AOPD.

D.4 Comparisons with Other Methods

OPD Stabilization Methods. We compare
AOPD with simpler strategies that stabilize the
advantage-based update while retaining the origi-
nal OPD optimization rule. OPD-Norm normalizes
token-level advantages along sequence dimension,
while OPD-Clip limits their magnitudes in [—1, 1].
Both methods reduce the influence of high-variance
advantages without changing the underlying policy-
gradient update. However, these stabilization strate-
gies do not address the insufficient corrective direc-
tions in non-positive advantage regions, and there-
fore remain less effective than AOPD.
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Method AIME 2024 AIME 2025 HMMT 2025 (Feb) Average
Pass@] Pass@4 Pass@] Pass@4 Pass@] Pass@4  Pass@] Pass@4
Qwen3-4B-Base
— 1k SFT Warm-up
SFT Checkpoint 36.25 58.61 32.71 47.25 19.17 28.80 29.38 44.89
+ SeqKD 42.50 65.23 40.00 60.09 24.58 38.01 35.69 54.44
+ OPD 46.25 65.99 42.08 60.75 22.50 35.67 36.94 54.14
+ ExOPD 44.58 64.41 41.46 61.70 20.62 32.32 35.55 52.81
+ GKD 50.21 70.47 44.17 63.03 27.50 4221 40.63 58.57
+ AOPD 51.25 72.01 43.96 63.49 28.33 46.02 41.18 60.51

Table 4: Supplementary distillation results for Qwen3-4B-Base across multiple math reasoning benchmarks. We
compare AOPD against SeqKD, OPD, GKD and ExOPD. Bold indicates the best result within each configuration

block, while underlined values denote the second best.

Method AIME 2024 AIME 2025 HMMT 2025 (Feb) Average
Pass@] Pass@4 Pass@l Pass@4 Pass@] Pass@4  Pass@] Pass@4

OPD 61.88 79.08 49.38 66.19 30.00 47.26 47.09 64.18
OPD-Norm 60.62 77.80 50.21 68.49 32.92 46.73 47.92 64.34
OPD-Clip 62.08 78.81 51.46 67.50 33.96 50.29 49.17 65.53
KDRL 64.58 80.62 53.54 72.30 36.46 51.11 51.53 68.01
EOPD 66.87 80.44 50.83 69.55 37.08 51.13 51.59 67.04
AOPD 65.62 81.10 53.12 71.79 37.29 52.13 52.01 68.34

Table 5: Comparison with other stabilization methods, KDRL and EOPD. All methods are trained for 60 steps
under the same experimental configuration. Bold indicates the best result in each column.

KDRL and EOPD. We further compare AOPD
with methods that augment or adapt standard on-
policy distillation. KDRL (Xu et al., 2025) com-
bines distillation with outcome-level reinforcement
learning signals, while EOPD (Jin et al., 2026)
selectively introduces forward-KL guidance ac-
cording to teacher entropy. AOPD instead applies
forward-KL guidance throughout the non-positive
advantage region. As shown in Table 5, KDRL
and EOPD also substantially improve over standard
OPD. AOPD achieves the best overall performance,
reaching 52.01 average Pass@1 and 68.34 average
Pass@4. KDRL achieves comparable performance
to AOPD, showing that additional outcome supervi-
sion can also effectively improve OPD. Compared
with EOPD, AOPD systematically covers the en-
tire non-positive advantage region. The stronger
overall results suggest that more comprehensive
coverage of these regions is beneficial for address-
ing the optimization bottlenecks of OPD.

E LLM Usage Statement

During the preparation of this manuscript, we uti-
lized LLM as a general-purpose writing assistant.
The use of LLMs was primarily for improving
grammar, spelling, and clarity. We reviewed and
edited all suggested changes and take full respon-

sibility for the final content of this paper. All re-
search contributions, including problem formula-
tion, methodology design, implementation, exper-
iments, data analysis, and scientific conclusions,
were conceived, executed, and verified by the au-
thors. This use conforms to the ACL Ethics Policy
regarding authorship criteria.
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Figure 10: Detailed training dynamics of Qwen3-8B-Base under weak and strong initialization.
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