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Abstract

On-policy distillation (OPD) has become a key
paradigm in LLM post-training, yet its train-
ing dynamics remain poorly understood. We
present a systematic study examining the role,
pathologies, and regulations of OPD. We first
clarify the role of OPD as an exploration cat-
alyst: it steers the student toward correct rea-
soning paths via dense token-level guidance,
without expanding capability ceiling. We con-
firm this by showing that prompt diversity mat-
ters more than per-problem sampling numbers,
and critically, that the effectiveness of OPD
hinges entirely on the quality of its guiding sig-
nal. This dependency exposes two pathologies
that derail exploration. The Student-Teacher
Mismatch occurs when a large teacher-student
distributional gap causes the guiding signal to
misalign with task correctness, steering explo-
ration in counterproductive directions. Length
Exploitation arises when the aggregated token-
level objective creates length-dependent short-
cuts, allowing the student to game the reward
landscape through response truncation or re-
dundant padding, exploring degenerate length
modes rather than reasoning strategies. To tame
these pathologies, we investigate lightweight
signal regulations: advantage clipping and
log-scale compression, ensuring exploration is
guided by faithful signals. Experiments across
seven benchmarks demonstrate that these regu-
lations eliminate length exploitation and enable
effective distillation, stably surpassing naive
OPD and RLVR baselines, thereby confirming
that well-regulated signal quality, rather than
mere teacher scale, governs successful explo-
ration in OPD.

1 Introduction

On-policy distillation (OPD) has rapidly become a
standard component of modern LLM post-training
pipelines. By providing token-level supervision
from a stronger teacher over the student’s own roll-
outs, OPD has demonstrated remarkable effective-
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Figure 1: Left: OPD accelerates exploration but cannot
exceed the model ceiling. Middle: a stronger teacher
does not guarantee a better student. Right: advantage
rises while length explodes or crashes.

ness (Gu et al., 2026; Yang et al., 2025; DeepSeek-
Al 2026). Despite its growing adoption, the fun-
damental training dynamics of OPD remain poorly
understood. Practitioners often observe highly in-
consistent behaviors: OPD sometimes improves
performance (Lu and Lab, 2025), yet in other cases
becomes unstable (Luo et al., 2026; Zhu et al.,
2026), collapses exploration, even underperforms
outcome-based reinforcement learning (Li et al.,
2026a). This raises our systematic empirical study,
we aim to (1) explore what benefits OPD brings
(Role§ 3), (2) when OPD fails (Pathologies§ 4),
and (3) how to improve it from the previous find-
ings (Regulations§ 5).

Role OPD simultaneously embodies two distinct
features: it is formulated as knowledge distilla-
tion (Gu et al., 2026), yet operates like an on-
policy RL algorithm driven by dense token-level
rewards (Yang et al., 2026a). This dual nature mo-
tivates us to investigate whether OPD acts as a
standard distillation mechanism that expands the
student’s capability boundary (Hinton et al., 2015),
or as an RL framework that merely reshapes trajec-
tories within the base model’s existing capability
space (Chen et al., 2024; Yue et al., 2025). Our
empirical evaluations strongly support the latter
RL-centric view. We find that while OPD consis-
tently accelerates early-stage learning, it rarely al-
ters the asymptotic performance ceiling achievable
by the base student. This acceleration stems from
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Figure 2: Overview. We characterize OPD’s role as an exploration catalyst (§3), diagnose pathologies (§4), and
propose lightweight signal regulations that restore stability without additional compute (§5).

the dense, token-level guidance provided along
student-generated trajectories, which effectively
helps the student discover correct reasoning paths
already reachable within its inherent capability
bounds. Furthermore, under a fixed computational
budget, scaling problem diversity (prompt cover-
age) yields significantly higher accuracy than scal-
ing per-problem sampling depth. Together, these
findings demonstrate that OPD functions primar-
ily as an exploration catalyst that reshapes the tra-
jectory distribution, rather than a mechanism for
fundamental capability expansion.

Pathologies Viewing OPD as an exploration
guidance mechanism immediately uncovers a crit-
ical dependency: its effectiveness relies entirely
on the fidelity of the guidance signal itself. While
faithful teacher preferences steer the student toward
correct trajectories, distorted signals inevitably bias
exploration toward degenerate behaviors. Our anal-
ysis reveals two major sources of such guidance
corruption, as shown in Figure 1.

* Student-Teacher Mismatch: When a severe
capability gap exists between the teacher and
the student, the teacher’s preference allocations
on student-generated trajectories decouple from
actual quality, generating misleading guidance.
This is rooted not in the teacher’s absolute
strength, but in the mismatch between teacher
preferences and the student’s rollout distribution.
Length Exploitation: Because token-level sig-
nals are aggregated over sequences of varying
lengths, the standard optimization objective inad-
vertently admits degenerate shortcuts. The stu-
dent exploits this via either Endless Exploration
(filler tokens to dilute negative advantages), or
Abrupt Degeneration (premature truncation for
high aggregated advantage).

Regulations We further explore how to eliminate
these pathologies. Intuitive methods include cold-
start teacher-student alignment finetuning (Luo
et al., 2026; Li et al., 2026a), which are effective

but require additional computation. We investigate
two token-level regulation strategies designed to
suppress pathological incentives while preserving
useful exploration guidance: Hard Clipping and
Soft Log-scale Compression. Across seven reason-
ing benchmarks, these interventions consistently
stabilize training, eliminate previous pathologies,
and substantially outperform naive OPD, RLVR,
and prior OPD variants (Jin et al., 2026). Notably,
our regulated framework with a modest teacher de-
cisively surpasses state-of-the-art methods relying
on a massive 30B teacher (Yang et al., 2026a; Hou
et al., 2026), demonstrating that the quality of the
optimization signal ultimately governs distillation
success over brute-force teacher scaling. Overall,
this work makes three contributions:

* We empirically frame OPD as an exploration
guidance rather than a capability expander.

* We pinpoint guidance corruption, specifically dis-
tribution mismatch and length exploitation, as the
root cause of OPD failures.

* We demonstrate that signal regulations effec-
tively improve OPD stability and effectiveness
across diverse reasoning tasks.

2 Preliminaries

2.1 On-Policy Distillation (OPD)

Let = denote a prompt and y = (y1,...,y7)
a response over vocabulary V. We consider a
fixed teacher 71 and a trainable student 7wy, with
m(ylz) = Hthl T(yely<t, ).

Objective  OPD trains the student to minimize
the reverse KL divergence from student to teacher:

risle)]

mo(ylz)

LoprD (9) = KL[ﬂ'gHﬂ'T] = —FE¢, yomg [log

Because the expectation is taken over the student’s
own samples, the signal is evaluated on sequences
the student actually generates, avoiding the distribu-
tional mismatch inherent in off-policy distillation.



Per-token advantage Expanding the sequence-
level KL token-by-token yields per-token log-ratio:

A&élogw, y~mo(-|2). ()
7T9(yt | y<t7x)

Intuitively, A¢; > 0 indicates the teacher assigns
higher probability to token y; than the student, pro-
viding a positive learning signal; A¢; < 0 indicates
the student over-weights y, relative to the teacher.
Policy optimization OPD is implemented via
policy gradient with A/; as the per-token advan-
tage. We apply clipping (Schulman et al., 2017) on
the importance ratio to stabilize updates:

Leiip(0) = —E¢[min(ry a¢, clip(re, 1—e, 1+€) a¢)], (3)

where 1y = mo(ys | y<t, %) /7o, (Yt | Y<t,2) is
the importance ratio and @, is a regulated form of

Al;. This ratio clipping constrains how far the pol-
icy moves per update but does not alter the reward
landscape defined by the teacher signal.

2.2 Empirical Framework and Setup

In this section, we establish the experiment bases
for our study. To ensure a systematic investigation
and the reproducibility of our findings, we strictly
adhere to the experimental configurations described
below across subsequent training and evaluation.

Training Configuration Our empirical analysis
uses Qwen3-1.7B-Base as the student and Qwen3-
series post-trained models of varying scales as
teachers. To isolate true distillation gains from
mere thinking-mode shifts, we enforce a strict
non-thinking constraint by prefixing all rollouts
with a block. This simultaneously ensures an
aligned prompt format between models (Li et al.,
2026a). Trained on the Nemotron-Cascade Math
dataset (Wang et al., 2026), we compare models
optimized via GRPO (Shao et al., 2024; Yu et al.,
2025) and OPD (Gu et al., 2026).

Evaluation To provide a robust and statistically
sound assessment, we employ the avg@32 met-
ric for AMC23 (MAA, 2026b), AIME 2024-
2026 (MAA, 2026a), and HMMT?25 Feb (Dekon-
inck et al., 2026), while reporting standard pass@1
for MATHS00 (Hendrycks et al., 2021) and Min-
erva (Lewkowycz et al., 2022) following previous
works (Jin et al., 2026).

3 Exploring the Role of OPD

Conceptually, OPD operates at the intersection of
knowledge distillation (Hinton et al., 2015; Gu
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Figure 3: Pass@Fk performance of Qwen3-1.7B-Base
trained via different methods. OPD variants outperform
Base and GRPO models in low-k. However, the conver-
gence at higher & suggests OPD accelerates exploration
rather than raising the model’s performance ceiling.

et al., 2026), and on-policy RL with dense token-
level rewards (Yang et al., 2026a). While standard
distillation intuition suggests that the teacher trans-
fers superior intelligence to expand the student’s
capability boundary, RL primarily reshapes trajec-
tories within the latent capability space already
encoded in the base model (Chen et al., 2024; Yue
et al., 2025). Under large sampling budgets (k),
the performance of RL-trained models often con-
verges to that of their unaligned base counterparts
via brute-force test-time sampling (Yue et al., 2025).
This capability convergence motivates a fundamen-
tal question for OPD: Does OPD fundamentally el-
evate the inherent capability ceiling of the student,
akin to distillation, or does it accelerate early-stage
exploration efficiency, much like RL?

To disentangle these two possibilities, we sys-
tematically analyze the performance convergence
trajectories of student models trained via OPD and
RLVR across varying teacher configurations and
evaluation sampling size k. We set the Qwen3-
1.7B-Base as the student, and Qwen3-4B-instruct-
2507, Qwen3-{4B,8B,32B} and GRPO trained
Qwen3-4B as the teachers. Then we test the
pass@1024 of tuned models to explore their per-
formance ceilings.

Efficient Exploration rather than Ceiling
Breaker As shown in Figure 3, OPD variants
provide a distinct boost in the low-sample regime
(k < 64). However, in the high-sample regime,
this performance gap narrows. The base model
eventually converges to the level of the GRPO and
OPD-trained models, indicating that OPD, just like
RLVR, does not fundamentally inject entirely new
capabilities (Yue et al., 2025). Instead, it acts as an
exploration catalyst that re-weights the student’s in-
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Figure 4: Weak teacher outperforms strong teacher in OPD w/ Clip. Benchmark accuracy (first two panels) and
informativeness Z on the validation set for OPD w/ Clip runs distilling from four teachers with varying capabilities

into the same Qwen3-1.7B-Base student.

herent generative space, ensuring optimal solutions
are surfaced within the first few attempts.

This characterization highlights a critical vulner-

ability: If the teacher’s guidance is misaligned or
the objective function contains structural flaws, this
catalytic effect will instead accelerate the student’s
convergence toward degenerate or sub-optimal so-
Iutions. We dissect these specific pathologies in the
following section.
Prompt Diversity v.s. Rollout Sizes Our pre-
vious analysis establishes that OPD benefits the
student primarily through high-density guidance
across diverse problem spaces. This motivates a
critical resource-allocation question: Under a fixed
computational budget, should we prioritize prob-
lem coverage (more distinct prompts) or rollout
depth (more rollouts per prompt)?

To investigate this, we evaluate n=1 (B distinct
prompts with 1 rollout each) against n=2 and n=8
configurations under identical total compute. As
illustrated in Figure 5, the n=1 setup consistently
achieves superior final accuracy. This confirms that
OPD’s exploration benefits scale primarily with
problem diversity rather than per-problem sam-
pling depth. Consequently, we adopt the n = 1
configuration across all subsequent experiments to
maximize distillation efficiency.

Finding 1. OPD incentivizes the student’s ex-
ploration efficiency, not performance ceilings.

4 Pathologies of On-Policy Distillation

Given that OPD operates by re-weighting the stu-
dent’s exploration landscape, its efficacy hinges on
the fidelity of the reward signal. We identify two
distinct failure modes where this guidance mech-

anism breaks down, leading to the stagnation or
collapse of student performance.

First, a Student-Teacher Mismatch (§4.1): we
challenge the stronger-is-better dogma by showing
that a significant distributional gap between teacher
and student can turn the distillation signal into
counter-productive noise. Second, a Length Ex-
ploitation (§4.2): the cumulative nature of token-
level advantages creates length-dependent short-
cuts that allow the student to leverage the objective
without genuine reasoning improvements.

4.1 Student-Teacher Mismatch

A common intuition in knowledge distillation is
that a more capable teacher yields a superior stu-
dent. However, our empirical results challenge this
assumption, revealing a complex trade-off between
standalone capability and distributional alignment.

Setup We continue to employ Qwen3-1.7B-Base
as the student. To evaluate the student’s sensitiv-
ity to varying teacher expertise, we select teachers
across a controlled spectrum of capabilities (Ta-
ble 1): Qwen3-{1.7B, 4B}-GRPO, and Qwen3-
{1.7B, 4B}. The capability order of teachers
is: Qwen3-4B-GRPO > Qwen3-1.7B-GRPO >
Qwen3-4B > Qwen3-1.7B.

Early Efficiency is Deceptive As shown in the
MATH-500 results (Figure 4), weaker teachers
such as Qwen3-1.7B and Qwen3-4B lead to rapid
accuracy gains during the initial training steps. This
high initial learning efficiency suggests that teach-
ers with lower performance are more learnable for
a base student. However, this early speed is de-
ceptive. These models quickly hit a performance
plateau, particularly on challenging benchmarks,
due to their capability boundaries. This observation
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Figure 5: Avg@32 across varying prompt-to-rollout
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out count n per prompt. Maximizing problem diversity
consistently outperforms a larger sampling size.

implies that initial learning velocity is an unreliable
proxy for the final capability ceiling.

The Failure of the Strongest Teacher The most
striking observation is the failure of the most capa-
ble model in our suite: Qwen3-4B-GRPO. Despite
having the highest performance, it is paradoxically
the least effective teacher. As shown across both
benchmarks in Figure 4, the student distilled from
4B-GRPO remains nearly stagnant, with its accu-
racy on AIME 2025 hovering near 2% throughout
the training process.

This inversion is a significant anomaly: a 4B RL-
trained model provides significantly worse guid-
ance than its 1.7B counterpart. It suggests that stan-
dalone performance does not translate into teaching
quality. Ultimately, 1.7B-GRPO yields the high-
est final accuracy, outperforming teachers that are
either easier to learn from or smarter in isolation
(4B-GRPO). This indicates that the most effective
teacher is not necessarily the one who is easiest to
mimic or the one with the strongest performance,
but the one whose reasoning paths are both ad-
vanced and bridgeable for the student.

Diagnosis To explain this paradox, we introduce
the Informativeness metric Z, which measures
whether the teacher’s token-level signal discrimi-
nates correct from incorrect student rollouts:

T =Eymny[Al| 7 =1] =Eyon,[AlL|r=0], ¢

where Al = ﬁ > (ogmr(y:) — logma(ye)) is
the mean per-token log-ratio, r denoting the roll-
out accuracy. A positive Z indicates that the
teacher assigns a higher probability to tokens in
correct rollouts than incorrect ones, providing an
outcome accuracy aligned optimization. The right-
most panel of Figure 4 reveals that informative-
ness (Z) precisely predicts distillation trajectories,
clustering into three distinct dynamic modes: (1)
Passable (Z ~ 0): Qwen3-1.7B and 4B drive

rapid early gains on MATHS00 but quickly plateau
on the harder AIME 2025; (2) Misleading (Z <
0): Qwen3-4B-GRPO provides persistently anti-
correlated signals, leading to early accuracy drops
and a low ceiling; and (3) Recovery: Qwen3-1.7B-
GRPO starts negative but recovers past zero, un-
locking a late-stage surge that ultimately outper-
forms all others.

Finding 2. The effectiveness of OPD depends
on whether the teacher can give rewards aligned
with Informativeness Z on student’s rollouts,
rather than the teacher’s absolute capability.

4.2 Length Exploitation

While the previous section highlighted how exter-
nal teacher selection destabilizes training, we now
turn to an intrinsic vulnerability embedded within
the standard OPD objective itself. The sequence-
level guidance is propagated via the token-level
distillation advantage, a; = logmr(yt|ly<:) —
log 79 (y¢|y<¢). Unlike outcome-based rewards that
are inherently bounded and strictly tied to final cor-
rectness, a; is unconstrained, exhibits high vari-
ance, and is fundamentally decoupled from the
actual accuracy of the response. Since the token-
mean advantage a = %Zt a¢ depends on both
the per-token signal and the response length 7", the
student can exploit this interaction to inflate its ad-
vantage without improving accuracy. We identify
two complementary failure modes, illustrated in
Figure 6 and Figure 7.

Endless Exploration (Mode A) When a rollout
yields an incorrect reasoning path, it incurs a se-
vere overall negative advantage. Crucially, because
standard OPD objectives optimize the sequence-
averaged advantage a = % Zthl a¢, the stu-
dent discovers a degenerate shortcut to evade this
penalty: appending low-information filler tokens to
inflate the denominator 7'. Formally, suppose the
core reasoning block terminates at step 7y with a
cumulative negative signal Acore = ZtTil a; < 0.
By continually generating redundant tokens up to
a prolonged length T' (T' > Tj), the aggregated
advantage decomposes as:

_ A T—-To _
a = % —+ T Afiller- (5)

Eq. (5) reveals a severe structural pathology: By
scaling the sequence length 7', the student can
asymptotically suppress the magnitude of its nega-
tive advantage (limr_,o, @ = 0), effectively wash-
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rollout prefix that yields a strongly positive token-mean
despite an incorrect outcome.

ing out the penalty gradient (VgL ~ 0). As aresult,
the student is never penalized for its logical failures,
trapping the training loop in an unproductive state
of endless, verbose exploration without any actual
improvement in reasoning accuracy.

As shown in Figure 6, both runs exhibit a com-
mon pattern: response lengths grow sharply. Once
truncated, the model fails to produce valid final
answers, causing a sharp collapse in accuracy. This
pathology is particularly severe in the Qwen3-
4B—Qwen3-1.7B setting, which response length
grows until hitting the predefined maximum limit.
Crucially, despite the drop in performance, the ag-
gregated advantage continues to climb, demonstrat-
ing a clear pattern of advantage hacking.

Short-Sequence Exploitation (Mode B) In this
situation, the student learns to truncate responses
prematurely. By generating a high-confidence
preamble (e.g., “We are given the problem...”) and

immediately emitting EOS, the model captures the
favorable prefix advantage Z;rfl a; while avoid-
ing the riskier reasoning steps where a; may turn
negative. Formally, whenever the prefix advantage
exceeds the full-sequence advantage:

1
Tpre —1

1 T

@ > tzzlat, (6)
The optimizer is incentivized to favor shorter tra-
jectories regardless of correctness. As shown in
Figure 6, in the late training stage, the student
only output extremely short and safe responses,
but receives a high reverse KL advantage from the
teacher. Once the policy locks into short outputs,
the gradient reinforces this equilibrium.

Dignosis Both modes exploit the same structural
flaw: the token-level advantage a; interacts with
sequence length in a way that creates gradients un-
related to reasoning correctness. Mode A exploits
unfavorable sequences by padding late; Mode B ex-
ploits favorable prefixes by cutting early. Together
they form a squeeze: the optimizer can always im-
prove the objective by manipulating length rather
than improving reasoning, regardless of whether
the current rollout outcome is positive or negative.

Finding 3. The unstable token-level objective
introduces degenerate optimization shortcuts at
both length extremes.

S Regulations

Prior work stabilizes OPD through mechanisms
such as utilizing oft-policy data (Luo et al., 2026),
or scoring top-k tokens beyond the predicted one
to smooth gradient estimates (DeepSeek-Al, 2026).
These approaches are effective but incur substantial
overhead, maintaining full vocab replay buffers dur-
ing training (DeepSeek-Al, 2026) or warm-starting
students with SFT on teacher rollouts for cold
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Teacher Student Method Avg
MATH500 Minerva AMC’23 AIME’24 AIME’25 AIME’26 HMMT’25
Qwen3-1.7B-Base - 18.0 4.1 6.3 1.7 0.4 0.6 0.1 4.5
Qwen3-1.7B - 73.0 32.7 425 13.4 9.8 7.8 3.7 26.1
o Qwen3-8B - 83.4 47.8 66.9 29.1 20.9 14.8 104 39.0
Qwen3-4B-Inst-2507 - 93.6 52.9 94.2 59.3 474 55.8 314 62.1
—  Qwem3-1.7B-Base GRPO  63.1 295 430 ¢ 92 49 47 23 24
— Qwen3-1.7B GRPO 90.0 45.9 81.7 41.9 325 375 21.7 50.2
— Qwen3-4B GRPO 93.6 55.5 92.9 64.4 57.1 57.3 373 65.4
Teacher: Qwen3-8B
Qwen3-1.7B-Base KD 63.8 30.2 40.6 9.2 4.6 - - -
Qwen3-1.7B-Base EOPD 68.7 30.2 41.9 10.4 5.8 - - -
Teacher: Qwen3-1.7B-GRPO
Qwen3-1.7B-Base OPD 75.6 36.3 43.9 13.6 10.6 10.3 6.3 28.1
Qwen3-1.7B-Base +Clip 77.0 354 45.7 12.1 13.7 10.5 5.8 28.6
Qwen3-1.7B-Base +Scale 79.3 40.1 46.3 13.8 15.6 10.6 7.3 304
Teacher: Qwen3-4B-GRPO
Qwen3-1.7B-Base OPD 74.4 34.2 443 11.6 9.4 8.6 4.7 26.7
Qwen3-1.7B-Base +Clip 76.2 33.8 47.4 10.8 13.5 A 6.5 28.1
Qwen3-1.7B-Base +Scale 74.3 34.2 41.2 12.8 12.1 7.8 54 26.8

Table 1: Performance of different methods on benchmarks. Among all evaluated downstream student models
(bottom two blocks), the overall best scores are bolded and the second best are underlined.
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Figure 8: Hard Clipping collapses all tokens beyond the
[¢min, Cmax] to the same value (ranking lost). Log-scale
compression preserves ordering across the full range.

start (Luo et al., 2026). We instead pursue modifi-
cations that stabilize OPD without additional com-
pute, operating entirely within the existing training
loop and motivated by the diagnostic findings of
the previous section.

5.1 Stabilizing OPD with Signal Regulation

Motivated by the aforementioned pathologies, we
transition from diagnosing length exploitation to
developing proactive in-loop remedies. To pre-
vent extreme token-level log-ratios from dominat-
ing the policy gradient, which exacerbates the
teacher—student mismatch and enables the stu-
dent to exploit length through extreme signals,
we introduce token-level signal regulation.

Our design follows two principles: (1) Prefer-
ence preservation, regulation must not reverse the

teacher’s ordinal signal; (2) Outlier suppression,

pathologically large magnitudes should be damp-

ened without discarding fine-grained token-level
information. We investigate two complementary
paradigms, representing Hard truncation and Soft

compression respectively (Figure 8):

* Hard Clipping. As a representative of rigid
thresholding, this method truncates the advan-
tage into a deterministic bound to eliminate se-
vere outliers while preserving signal diversity:

A~€t = Chp(Aeh Cmin cmax)~ (7)

* Soft Log-Scale Compression. As a smooth alter-
native, this method dampens unbounded signals
without discarding the relative rankings beyond
fixed bounds:

Aty = sign(Aly) - log(1 + |Al]). ®)

The choice of log(1+|x|) is motivated by its dual-
regime properties. Near zero, it approximates a
linear mapping (A¢, ~ Al,), fully preserving
the teacher’s fine-grained preferences. Crucially,
when |A¢;| — oo, its sub-linear growth radically
compresses the magnitude of unbounded values.

Experiment Setup To explore the performance
of the above two optimization techniques for OPD,
we utilize Qwen3-1.7B-GRPO, Qwen3-4B-GRPO
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Figure 9: Training dynamics of OPD variants. Teacher:
Qwen3-4B-GRPO; Student: Qwen3-1.7B-Base. Vanilla
OPD suffers greater length exploitation, whereas Clip
produces shorter responses and achieves higher accu-
racy than naive OPD.

as the teachers, and Qwen3-1.7B-Base and Qwen3-
1.7B as the students. For better comparison, we se-
lect current OPD variants as counterparts (Jin et al.,
2026; Yang et al., 2026a; Hou et al., 2026). The
performance of Qwen3-1.7B-Base as the student is
shown in Table 1, and the scores of Qwen3-1.7B
are shown in Table 2.

5.2 Analysis

Signal Regulation is Effective. As shown in
Table 1, both regulation variants yield clear im-
provements over naive OPD. With the 1.7B-GRPO
teacher, OPD+Clip brings substantial gains across
all benchmarks. Comparing the two variants, log-
scale compression outperforms hard clipping for
Qwen3-1.7B-Base, likely because it retains the
teacher’s full token ranking rather than flattening
extreme values to the clip boundary.

Alleviating the Student-Teacher Mismatch.
Our experiments further demonstrate that naively
scaling up the teacher does not guarantee better stu-
dent performance. Hard clipping partially rescues
this, lifting the 4B-guided student back to 28.1 of
average score. Interestingly, log-scale compression,
which excelled with the 1.7B teacher, fails to yield
comparable gains here, as the training dynamics
shown in Figure 9. We attribute this to the nature
of the distributional shift: a much stronger teacher
heavily mixes genuine correctness cues with biases
in its advantages. Log-scale compression preserves
this noise, whereas hard clipping aggressively trun-
cates it. This yields a crucial insight: when the
teacher-student gap is large, aggressively trun-
cating extreme signals is more effective than
compressing them.

Method AIME24 AIME25 AIME26 HMMT?25

Teacher: Qwen3-30B-A3B-Instruct-2507

Teacher 74.7 62.8 63.3 44.2

UniOPD 35.2 30.7 - 17.7

GOPD 37.3 31.5 - 16.2
Teacher: Qwen3-1.7B-GRPO

Teacher 41.9 325 37.5 21.7

CLIP 444 325 359 20.9
Teacher: Qwen3-4B-GRPO

Teacher 64.4 57.1 57.3 37.3

CLIP 45.2 37.5 36.0 19.0

Table 2: Performance of Qwen3-1.7B student tuned by
OPD+Clip (CLIP) and previous methods (Hou et al.,
2026; Yang et al., 2026a), which further proves that
a stronger teacher cannot ensure better student perfor-
mance. The best and the second best scores are marked.

Impact of Student Capacity Comparing Ta-
bles 1 and 2 reveals a striking impact between
student capacity and teacher strength. When the
student is upgraded from a base model to the post-
trained Qwen3-1.7B, the initial distributional mis-
match is significantly mitigated. Consequently, the
performance hierarchy flips: Qwen3-4B-GRPO
teacher now delivers the best results, decisively out-
performing the Qwen3-1.7B-GRPO teacher. This
shift confirms that the trap stems from the capabil-
ity gap with student-teacher mismatch. Crucially,
by resolving this mismatch, our regulated OPD
with a 4B teacher ultimately surpasses previous
methods distilled from a larger 30B teacher. This
demonstrates that proper capacity matching com-
bined with signal regulation can eclipse brute-force
parameter scaling.

6 Related Work

On-Policy Distillation. Early formulations of
OPD optimized a reverse-KL objective to re-
strict the student to the teacher’s high-probability
modes (Gu et al., 2026; Agarwal et al., 2024). Sub-
sequent work reframed the teacher’s per-token log-
ratios as dense rewards capable of shaping explo-
ration trajectories (Yang et al., 2026a), fueling its
rapid adoption in scale post-training (DeepSeek-
Al 2026; Yang et al., 2025; GLM-5-Team et al.,
2026; Yang et al., 2026b). Despite this widespread
use, the failure conditions of this dense guidance re-
main poorly understood. Prior exploratory studies
attribute training instability to factors like thinking-
pattern compatibility, offering external fixes such
as prompt alignment or cold-start initialization (Li



et al., 2026a; Luo et al., 2026; Yu et al., 2026).
Our work takes a fundamentally parallel yet deeper
trajectory: we diagnose signal-level pathologies
(student-teacher mismatch and length exploitation)
and propose zero-overhead in-loop regulations
(clipping and log-scale compression) that require
neither off-policy data nor prompt filtering.

Capacity Gap in Knowledge Distillation. A
recurring phenomenon in knowledge distillation
(KD) is that excessively capable teachers can un-
expectedly degrade student performance. Specifi-
cally, Cho and Hariharan (2019) noted that higher
benchmark accuracy in teachers does not inherently
translate into superior distillation efficacy. To mit-
igate the structural mismatches between models,
various strategies have been proposed: Huang et al.
(2022) identified a severe prediction discrepancy
between teachers and students, proposing the uti-
lization of the teacher’s recommendation label pref-
erence order to alleviate the gap, while Mirzadeh
et al. (2019) introduced intermediate teacher assis-
tants to bridge this capacity rift. Within the con-
text of reasoning, this learnability barrier remains
equally pronounced. For instance, Li et al. (2025)
observed that complex, long reasoning traces gener-
ated by strong teachers consistently underperform
simpler, teacher-free approaches when distilled into
smaller student models. Li et al. (2026b) demon-
strated that the alignment of thinking patterns be-
tween teachers and students profoundly impacts
distillation outcomes.

Our work extends this classic line of inquiry
into the on-policy regime. Rather than merely doc-
umenting the empirical decay caused by strong
teachers, we offer a precise, signal-level explana-
tion for why and when these advanced guidance
signals corrupt on student-generated rollouts. Fur-
thermore, we demonstrate that the capability gap
can be mitigated via lightweight, in-loop signal
regulation.

7 Conclusion

In this work, we look inside OPD to shift the
paradigm from empirical scaling to rigorous signal-
level diagnosis. We first established that OPD
acts as an exploration catalyst which benefits more
from problem diversity. Then we systematically
expose two critical pathologies: length exploita-
tion via redundant token padding, and the Student-
Teacher Mismatch, where severe capabilities mis-
match causes negative impacts. To restore guidance

fidelity, we introduce lightweight signal regulations
that require zero off-policy overhead. Our empiri-
cal results demonstrate that regulating token-level
advantage dynamics effectively eliminates these
failures, enabling a 4B teacher to surpass configu-
rations distilled from larger models, which is signal
quality, not teacher scale, governs OPD success.

Limitations

Although our proposed hard clipping and soft log-
scale compression strategies effectively restore
guidance fidelity and stabilize training, they intro-
duce hyperparameter heuristics that require empiri-
cal tuning based on the specific teacher-student ca-
pacity gap. A dynamic, adaptive regulation frame-
work could be further explored. Our systematic
empirical study primarily focuses on mathematical
reasoning benchmarks, where outcomes are eas-
ily verifiable and reasoning chains are dense. The
behavior of regulated OPD in open-ended text gen-
eration or knowledge-intensive QA tasks has not
been fully verified.
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A Experiment Configurations

We implement the training pipeline using verl. For
the OPD pipeline, policy optimization uses a total
batch size of 128, 1 rollout for each prompt. For the
GRPO baselines, the group advantage is calculated
across a size of 128 x 8 rollouts. Optimization
is limited to a single epoch per rollout batch to
eliminate off-policy bias. The maximum sequence
length is set to 16, 384 tokens during training. Roll-
outs are generated using stochastic sampling with
a temperature of 7 = 1.0 and top-p = 1.0.

For the avg@32 metric, we utilized N = 40
candidate responses per problem for better estima-
tion. To obtain a stable estimation, we perform
M = 10 independent trials. In each trial, we ran-
domly sample a subset of k¥ = 32 responses from
the candidate pool and calculate the correctness of
the j-th response as I; € {0, 1}. The final score is
the average across all trials, formulated as:

M
1 1
=1 JES;
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