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Abstract

On-policy distillation (OPD) has become a core technique in the post-training of large language models,
yet its training dynamics remain poorly understood. This paper provides a systematic investigation of OPD
dynamics and mechanisms. We first identify that two conditions govern whether OPD succeeds or fails: (i)
the student and teacher should share compatible thinking patterns; and (ii) even with consistent thinking
patterns and higher scores, the teacher must offer genuinely new capabilities beyond what the student has seen
during training. We validate these findings through weak-to-strong reverse distillation, showing that same-
family 1.5B and 7B teachers are distributionally indistinguishable from the student’s perspective. Probing
into the token-level mechanism, we show that successful OPD is characterized by progressive alignment
on high-probability tokens at student-visited states, a small shared token set that concentrates most of the
probability mass (97%—-99%). Finally, we show that OPD’s apparent free lunch of dense token-level reward
comes at a cost, raising the question of whether OPD can scale to long-horizon distillation.
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Figure 1. Overview of our paper. JustRL-1.5B is obtained by applying RL to DeepSeek-Distill-1.5B (DS-1.5B), and Skywork-OR1-
Math-7B (SW-7B) by applying RL to DeepSeek-Distill-7B (DS-7B).

1. Introduction

On-policy distillation (OPD) has rapidly emerged as a core technique for large language model (LLLM) post-training.
Recent industry efforts, including Qwen3 (Yang et al., 2025), MiMo (Xiao et al., 2026) and GLM-5 (Zeng et al., 2026),
all adopt OPD in their post-training pipelines and report substantial gains, establishing it as a competitive complement
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to conventional supervised fine-tuning (SFT) and outcome-reward reinforcement learning (RL). Thinking Machines
Lab (Lu & Lab, 2025) replicates the Qwen3 OPD recipe at a fraction of the RL compute cost, independently confirming
that on-policy, dense supervision is an efficient alternative.

Unlike off-policy distillation, which trains the student on fixed teacher-generated sequences and suffers from exposure
bias (Bengio et al., 2015), OPD has the student generate its own rollouts and leverages the teacher’s per-token log-
probabilities as a dense reward signal to refine behavior on states the student actually visits. Recently, this has been
extended to self-distillation settings where a single model serves as its own teacher given privileged information,
demonstrating that the framework can drive continual self-improvement (Hiibotter et al., 2026; Zhao et al., 2026b).

However, despite these successes, OPD remains poorly understood and fragile in practice. We observe a striking failure
mode: a stronger teacher can completely fail to improve a student, even when a weaker teacher succeeds from lower
initial alignment. Yet few studies have investigated why the teacher’s token-level signal steers the student distribution in
the desired direction, or the conditions under which it fails.

We present a systematic study of OPD training dynamics, progressing from empirical conditions through token-level
mechanism to practical recipe.

Phenomenology (§3). We investigate the empirical patterns that distinguish effective from ineffective OPD, and identify
two governing factors. (i) Thinking-pattern consistency: the student and teacher should share consistent thinking
patterns (e.g. higher overlap ratio in their top-k token distributions). Even when the teacher achieves higher benchmark
scores, mismatched thinking patterns produce low initial overlap that training cannot fully recover. (ii) Higher scores #
new knowledge: even with consistent thinking patterns and higher benchmark scores, the teacher should offer knowledge
that the student has not already acquired. When both models are trained on the same data and recipe, they converge
to similar distributions at their respective scales, leaving the teacher with little transferable signal. Only when the
teacher carries knowledge beyond what the student has already seen can OPD yield substantial gains. We validate
both conditions through reverse distillation experiments, which further reveal that OPD fundamentally learns thinking
patterns rather than merely benefiting from pattern consistency, and that training dynamics can be entirely decoupled
from benchmark scores.

Mechanism (§4). We then investigate the token-level mechanism based on these conditions. Across all settings studied,
effective OPD exhibits a consistent signature where the student and teacher distributions become progressively more
similar on student-visited states. The high-probability tokens increasingly coincide (overlap ratio rising from 72% to
91%), the entropy gap narrows, and the shared top-k tokens concentrate 97-99% of the combined probability mass. By
contrast, failing runs show stagnant overlap and persistent entropy mismatch from the outset. We further show that
restricting supervision to overlap tokens alone matches full top-k performance, confirming that the overlap set is the
principal locus of OPD’s gradient signal.

Taken together, our analysis shows that OPD is not governed by teacher scale or benchmark strength alone. Its
effectiveness depends on whether the teacher provides a locally exploitable token-level signal on the student’s own
visited states. This perspective explains why superficially stronger teachers can fail, why overlap on high-probability
tokens predicts progress, and why simple interventions that reduce the student-teacher distributional gap can recover
otherwise ineffective OPD.

2. Preliminaries
2.1. On-Policy Distillation

On-Policy Distillation (OPD) computes supervision on trajectories sampled from the current student 7. Given a prompt
x ~ D,, the student samples a response § = (i1, ..., Jr) ~ To(- | x), where T 2 |§| denotes the rollout length. Both
models are then evaluated on the student-generated prefixes ¢, yielding two next-token distributions at each step ¢:
pe(v) £ mo(v | 2, 9<;) and g, (v) £ 77 (v | 2, J<;) forv € V.

A standard formulation minimizes the sequence-level reverse KL over student-generated trajectories:

Lo (8) = Eenn, | Dxr. (ol | ) || 7 (- | 2)) . M
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Using the autoregressive factorization, this sequence-level objective admits the exact token-level decomposition:

T
Lopp(0) = Exnn,, jromo(-a) lz Dxr(ptllq:) ()
t=1

In practice, different implementations vary in how this exact per-token reverse KL is computed: sampled-token OPD
uses an unbiased Monte Carlo estimator of each token-level KL term, and top-k OPD replaces the full-vocabulary KL
with a subset-based approximation.

Sampled-Token OPD. The most lightweight variant evaluates only the token sampled by the student, and is also the
most common implementation in prior on-policy distillation work (Lu & Lab, 2025; Xiao et al., 2026; Yang et al.,
2026b). Given §; ~ py, the per-token loss is ™" £ log p,(;) — log q;(i)+), aggregated as:

T
sampl sampl
LERE(0) = Eavip,, rat o) lZ@amp ] G
t=1
Since By, ~p, [(;P'] = Dkw(pe]g:), each £ is an unbiased estimator of the token-level reverse KL.

Top-k OPD. Top-k OPD provides an intermediate design between sampled-token and full-vocabulary OPD by restricting
the divergence computation to a subset S; C V. Here we focus on the student top-k variant, which selects the & tokens
assigned the highest probability under the student, namely S; = TopK(py, k). Define the renormalized student and
teacher distributions on S; as:

_(Sy pe(v)1jv €S (S, g(v)1fv € S
A () = P €8] psa ) @)Ll e S
ZuESt pe(w) Zuesf, q:(u)
Distillation is then performed by minimizing the subset KL divergence DKL(;SES") I (jfst)), yielding the trajectory-level
objective:
d s s
-k (St (St
LEES(0) =Eqyp, Gromo (-] @) ZDKL(pE ) l q,g )) . “

t=1

This formulation discards mass outside .S; and therefore remains an approximation to the full-vocabulary reverse KL,
but it substantially reduces teacher-query cost while preserving multi-token supervision on the student’s high-probability
region.

2.2. Dynamic Metrics

We define the student’s and teacher’s top-k sets at step ¢ as Slfp ) = TopK(py, k) and St(Q) = TopK(q, k), respectively.
The following metrics are monitored throughout OPD training in later experiments.

Overlap Ratio. This metric quantifies the alignment between the student’s and teacher’s candidate spaces. It is defined
as the average proportion of tokens that appear simultaneously in both the student’s and the teacher’s top-k sets:

S(P) N S((I)
| t t ‘ . (5)

Moverlap £ Et l A

A low overlap ratio indicates that the student’s probability mass is concentrated on a disjoint set of tokens from the
teacher, suggesting significant policy divergence or “mode mismatch”. Conversely, a ratio nearing 1.0 implies the
student has successfully located the teacher’s support region.

Overlap-Token Advantage. To measure distributional agreement within the overlap tokens, we define A;(v) £

D (v)(log @t (v) — log pr(v)) where Py, G are the renormalized student and teacher distributions over St(p N St(Q). The
metric averages this quantity:

1
L _
Mgy 2 E, ST s > AW - ©)
t t ’UGSEP)OSEC“
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Figure 2. OPD from two teachers with different thinking patterns into the same student (Qwen3-1.7B-Base). The GRPO teacher
achieves stronger performance (left) and higher initial overlap ratio (right), suggesting that thinking pattern compatibility governs
OPD effectiveness.

A value close to zero indicates high-quality alignment where the student places mass on teacher-preferred tokens
with appropriate confidence. Conversely, a large negative value indicates that within the intersection, the student is
overconfident compared to the teacher (high p; but lower ¢;).

Entropy and Entropy Gap. To monitor the distributional properties of the policies, we track the entropy of both the
student H (p;) and the teacher H(q;) on the student’s rollouts, and define the entropy gap as:

AH, = |H(Qt) - H(pt)| . @)

AH, is a state-specific indicator of mode alignment. A large gap suggests a substantial mismatch between the student
and teacher in confidence and diversity over the same visited states, while convergence toward zero indicates that the
student has matched the teacher’s uncertainty profile along its generated trajectories.

3. Phenomenology of On-Policy Distillation

Before investigating the token-level mechanism of OPD, we first ask a broader question: what conditions govern the
effectiveness of OPD? A natural assumption is that a stronger teacher should always yield better distillation outcomes,
yet we observe configurations where this fails. We compare OPD runs under controlled settings and identify two
conditions that jointly govern the outcome.

\

* Thinking-pattern consistency. The student and teacher should share compatible thinking patterns. Even
when the teacher achieves higher benchmark scores, a large mismatch weakens the token-level distillation
signal (Section 3.1).

 Higher scores # new knowledge. The teacher should provide knowledge beyond what the student has seen
during training. Even with consistent thinking patterns and higher scores, a teacher may offer no genuinely
new knowledge, leaving OPD without a driving signal (Section 3.2).

3.1. Thinking-Pattern Consistency

Setup. We use Qwen3-1.7B-Base (Yang et al., 2025) as the student and compare two teachers: Qwen3-4B (Non-
thinking) (Yang et al., 2025) and Qwen3-4B-Base-GRPO, where the latter is obtained by applying zero-RL to Qwen3-
4B-Base (Yang et al., 2025) using GRPO (Shao et al., 2024) (detailed training settings are provided in Appendix A.1).
Since the student is also a base model, we expect its thinking pattern to be closer to that of the GRPO-trained teacher.
We conduct two OPD experiments using the DAPO-Math-17K dataset (Yu et al., 2025), differing only in the choice of



5 RETHINKING ON-POLICY DISTILLATION OF LARGE LANGUAGE MODELS

teacher model. Unless otherwise specified, all experiments use the default hyperparameters described in Appendix A.2
and are evaluated on AIME 2024 (Li et al., 2024), AIME 2025 (Balunovi¢ et al., 2025) and AMC 2023 (Li et al.,
2024). Following standard practice, we sample 16 solutions per problem with temperature 0.7 and top-p 0.95, using a
maximum validation response length of 31,744 tokens. We report average accuracy over 16 samples (avg@16) as the
primary evaluation metric.

Results. Despite underperforming on benchmarks, the
GRPO teacher exhibits a higher initial overlap ratio,
suggesting that its thinking pattern aligns more closely
with the student. Although the two overlap curves con-
verge later in training, the performance gap persists,
suggesting that early-stage thinking-pattern mismatch
causes a loss of distillation benefit that cannot be recov-
ered later. We report the validation accuracy for each
benchmark individually in Appendix A.3, where the

same overall trend holds across all datasets. .

AIME 2024 AIME 2025 AMC 2023

o
o0

Qwen3-4B (Non-thinking) 0.700

B Qwen3-4B-Base-GRPO
0.599

o

0.242
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3.2. New Knowledge, Not Just Scale

Figure 3. Validation performance of the two teachers (Qwen3-4B
Thinking-pattern consistency alone does not explain  Non-thinking vs. Qwen3-4B-Base-GRPO) on AIME 2024, AIME
all of our observations. Even when the teacher scores 2025, and AMC 2023.

higher and shares a consistent thinking pattern with the
student, OPD can still fail.

Setup. In the DeepSeek family, we use DeepSeek-R1-

Distill-Qwen-1.5B (R1-Distill-1.5B) (Guo et al., 2025) as the student and compare two teachers: DeepSeek-R1-
Distill-Qwen-7B (R1-Distill-7B) (Guo et al., 2025) and Skywork-OR1-Math-7B (He et al., 2025b), where the latter is
obtained by applying RL post-training to R1-Distill-7B. In the Qwen family, we use Qwen3-1.7B (Non-thinking) (Yang
et al., 2025) as the student and compare two teachers: Qwen3-4B (Non-thinking) and Qwen3-4B-Non-Thinking-RL-
Math (Yang et al., 2026b), where the latter is obtained by applying RL to Qwen3-4B (Non-thinking) on a 57K subset of
DeepMath (He et al., 2025c). In both settings, the key contrast lies between a teacher from the same training pipeline
and one that has acquired additional capabilities through further RL. All runs use the same dataset and training recipe
as before.

Results. As shown in Figure 4, both families exhibit a consistent pattern. yield limited
improvement, while the post-trained teachers produce substantially stronger gains across all benchmarks. Importantly,
the post-trained teachers not only achieve higher absolute performance but also recover a much larger fraction of the
teacher-student gap, measured by the gap recovery rate (AcCyfier opb — ACChefore 0PD )/ (ACCteacher — ACChefore oPD)- This
indicates that the additional capabilities acquired by these teachers are more transferable through OPD. Since the
post-trained teachers are derived from the same base checkpoints, their thinking patterns remain broadly aligned, which
is also observed by the overlap ratio dynamic. The improvement therefore stems from new capabilities of the teacher
acquired through RL.

3.3. Validation via Reverse Distillation

We design a reverse-distillation experiment as the comparison that simultaneously validates both conditions and reveals
deeper insights into the nature of OPD.

Setup. JustRL-DeepSeek-1.5B (JustRL-1.5B) (He et al., 2025a) is obtained by RL from R1-Distill-1.5B. We now
reverse this direction, using JustRL-1.5B as the student and distilling from R1-Distill-1.5B (its own pre-RL checkpoint).
We also use R1-Distill-7B as a teacher for the comparison. Note that R1-Distill-7B achieves slightly higher benchmark
scores than JustRL-1.5B, while R1-Distill-1.5B is substantially weaker.

Results. Figure 5 reveals two striking phenomena. First, distilling JustRL-1.5B toward R1-Distill-1.5B, its own pre-RL
checkpoint, causes the student to regress almost exactly to its pre-RL performance, removing all gains acquired through
RL. Second, when we replace the teacher with R1-Distill-7B, a substantially larger and even slightly stronger model
from the same family, the training trajectory is nearly indistinguishable: despite outscoring JustRL-1.5B on benchmarks,
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Figure 4. Comparison of OPD performance with and without additional teacher RL post-training across two model families. Left:

DeepSeek family. Right: Qwen family. Post-trained teachers yield substantially stronger gains and higher teacher-student gap
recovery rate.
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Figure 5. Reverse distillation with JustRL-1.5B as the student and two same-family teachers (R1-Distill-1.5B and R1-Distill-7B).
Both runs cause the student to regress to approximately the same level despite R1-Distill-7B scoring higher than JustRL-1.5B,
indicating that OPD training dynamics are governed by thinking pattern rather than benchmark performance.

R1-Distill-7B drives the student to the same regressed level as the weaker 1.5B teacher. Since OPD minimizes reverse
KL divergence over student-generated trajectories, this convergence implies that the two teachers induce nearly identical
local target distributions on student-visited states, despite their difference in scale.

These results yield several conclusions:

* Thinking pattern matters, and OPD fundamentally learns thinking patterns. Distilling from R1-Distill-1.5B
into JustRL-1.5B causes JustRL-1.5B to regress to its pre-RL performance. This suggests that OPD actively acquires
the teacher’s thinking patterns and overwrites the student’s own. This is precisely why consistency in thinking
patterns is important: if the gap is too large, the student may fail to learn effectively.

* Benchmark performance does not predict OPD outcome. R1-Distill-7B scores higher than JustRL-1.5B, yet the
distillation produces no improvement and instead causes regression. This shows that OPD’s training dynamics can
be completely independent of the teacher’s benchmark performance, and may even move in the opposite direction.

« Higher scores do not imply new knowledge for OPD. R1-Distill-7B and R1-Distill-1.5B are within the same
model family and differ only in scale. The indistinguishable effects of the two models on the student already confirm
that: (i) a higher score (R1-Distill-7B) may merely reflect a different degree of fit to the same data, rather than
genuinely novel capabilities. For OPD to produce gains, the teacher should possess knowledge beyond what the
student has already seen during training; and (ii) despite the difference in scale, R1-Distill-7B and 1.5B exhibit the
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Figure 6. Successful vs. failing OPD with the same student (R1-Distill-1.5B) and two teachers. Top: avg@16 accuracy on three
benchmarks. Dashed lines indicate teacher performance. Bottom: three dynamics over training. Successful distillation (JustRL-1.5B)
shows rising overlap and narrowing entropy gap, and these trends are absent in the failing run (R1-Distill-7B).

same thinking patterns.

The reverse distillation experiments and the forward comparisons in Sections 3.1 and 3.2 consolidate the two conditions.
Thinking-pattern consistency is associated with higher initial overlap and stronger OPD outcomes, while new knowledge
(such as from further post-training) enables larger transferable gains even when overlap is already high.

4. Mechanism of On-Policy Distillation

Section 3 identified two conditions, thinking-pattern consistency and new knowledge beyond the same model family,
that govern OPD effectiveness. We now investigate the token-level mechanism through which these conditions manifest
during training. By comparing successful and failing OPD runs, we show that effective distillation is driven by
progressive alignment on high-probability tokens.

Takeaways ~
¢ Progressive alignment. The overlap between the student’s and teacher’s high-probability top-k tokens
increases steadily throughout training at student-visited states; failing runs show stagnant overlap from the

outset.

¢ Overlap sufficiency. Nearly all of the optimization’s effect concentrates on the shared top-k tokens;
optimizing only these overlap tokens suffices to match standard OPD, while non-overlap tokens contribute
little.

4.1. Progressive Alignment of High-Probability Tokens

We compare the dynamics of a single student distilled from two different teachers under the same settings, one yielding
clear improvement and the other yielding none. We find that successful OPD is essentially driven by learning the
high-probability tokens shared between the student and teacher.

Setup. We choose R1-Distill-1.5B as the student and compare two teachers: JustRL-1.5B and R1-Distill-7B. The two
teachers exhibit comparable math performance, with the latter being slightly stronger. We use the same DAPO-Math-17K
dataset and training settings as before, and monitor three dynamic metrics during OPD.

Results. Figure 6 shows sharply different outcomes. Distillation from JustRL-1.5B yields consistent gains, with the
final student recovering more than 80% of the performance gap to the teacher, whereas distillation from R1-Distill-7B
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Figure 7. Ablation on the optimization support in Top-k OPD. Overlap Top-k matches Student Top-k, while Non-Overlap Top-k is
substantially weaker.

fails to yield any improvement despite the teacher being stronger overall. The training dynamics (Figure 6, bottom)
reveal the underlying divergence. In the successful run, the overlap ratio rises steadily, the overlap-token advantage
improves toward zero, and the entropy gap narrows, indicating that the student progressively locates the teacher’s
high-probability region, calibrates its mass within that region, and matches the teacher’s local confidence. In the
failing run, all three metrics stagnate.

Two observations deserve emphasis. First, the overlap tokens carry 97%-99% of the total probability mass for both
models throughout training (see Appendix B.1), so the rising overlap reflects alignment on the probabilistically dominant
tokens, not merely a set-level coincidence. Second, the improvement in overlap-token advantage suggests that OPD’s
primary optimization signal lies in reweighting probability within the overlap region rather than in tokens outside it.

We also report auxiliary optimization metrics (policy loss, gradient norm, and extreme-advantage token probability
differences) in Appendix B.2, which show consistent secondary patterns: the successful run exhibits decreasing loss
and sustained gradient magnitude, while the failing run shows weak gradients and persistent probability discrepancies.
We further verify that these findings generalize across different model pairs in Appendix B.3, using R1-Distill-7B as the
student with two different teachers under the same settings.

4.2. Optimizing Shared Tokens Alone Suffices

The above analysis shows that high-probability token alignment correlates with OPD success. We further investigate
whether this correlation is causal: whether the overlap region is not only where alignment emerges, but also the
region that drives optimization. We design a targeted ablation that decomposes the top-k support into its overlap and
non-overlap parts, training on each in isolation.

Setup. Using the successful OPD setting from Section 4.1 (JustRL-1.5B — R1-Distill-1.5B), we compare three variants
that differ only in which tokens the distillation loss covers: (i) Student Top-k, which optimizes on the full student top-k

support St(p ); (i1) Overlap Top-%, which restricts optimization to the intersection of the student and teacher top-k sets
St(p 'n St(q); and (iii) Non-Overlap Top-k, which restricts optimization to their symmetric difference St(p )ASt(Q). We

set default k to 16.

Results. As shown in Figure 7, optimizing only the overlap region is sufficient to recover nearly the full benefit
of standard Student Top-k OPD on all three benchmarks, while Non-Overlap Top-k remains consistently weaker.
This suggests that the main gains of OPD come from gradients on the shared high-probability region, rather than
non-overlap tokens. This also explains why Student Top-k and Overlap Top-k behave so similarly. The extra tokens in
the student-only support carry very little probability mass. Consistently, the overlap-token advantage curves of Student
Top-k and Overlap Top-k are nearly indistinguishable, whereas Non-Overlap Top-k has much smaller magnitude,
indicating a much weaker effective gradient on the overlap tokens.
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Overlap optimization is self-reinforcing. Both Student Top-%k and Overlap Top-k raise the overlap ratio steadily
from about 72% to above 91%, while Non-Overlap Top-k first decreases and then only partially recovers (Figure 7,
bottom-left). This reveals a self-reinforcing dynamic: once a token enters the shared high-probability region and is
favored by the teacher, reverse-KL updates concentrate more mass on it, gradually pushing competing non-overlap
tokens out of the student’s top-k set. The overlap region thus grows not despite but because of the optimization, creating
a virtuous cycle that sustains alignment throughout training.

Overall, these results support a unified mechanism for OPD: its primary effect is to progressively refine the student’s
distribution over teacher-supported high-probability tokens at student-visited states. This alignment is both the signature
of successful OPD and its operative locus, where optimizing only the overlap tokens suffices, and non-overlap tokens
contribute little. When the conditions identified in Section 3 are met, this self-reinforcing dynamic drives steady
improvement; when they are not, overlap stagnates and training fails to progress.

5. Discussion

The appeal of OPD lies in its dense supervision, where every token receives a reward signal from the teacher, in
contrast to the sparse outcome-level reward used in RL. However, this increased supervision density comes at a cost:
the previous sections all implicitly depend on the teacher’s token-level reward being reliable in student-visited states,
yet this assumption can break down. We examine the reward signal’s limitations below; accompanying figures and
additional analysis are in Appendix D.

Response length exhibits a sweet spot. The supervision at position ¢ depends on the teacher’s conditional 7 (y; |
Z, Y<¢) under a student-generated prefix y;, which may drift from trajectories the teacher would naturally produce. We
train R1-Distill-1.5B against JustRL-1.5B across six maximum response lengths for 200 steps. As shown in Figure 17(a),
very short responses (0.5K and 1K) provide too few supervised tokens for sample-efficient learning, while moderate
lengths (3K and 7K) yield the strongest results. Beyond this range (10K and 15K), performance plateaus or declines.
The training dynamics (Figure 18) confirm that moderate lengths produce smooth overlap growth, whereas 10K and
15K exhibit late-stage collapse, with the overlap ratio dropping sharply, accompanied by spikes in student entropy and
gradient norm.

Instability originates at later tokens. Where does this collapse begin? In the 15K setting, analyzing student entropy
as a function of output position reveals a clear back-to-front pattern: as shown in Figure 19, high entropy first appears
at the end of the response and progressively propagates toward earlier tokens as training proceeds. Teacher entropy
exhibits a similar suffix-to-prefix trend (see Appendix D.4), consistent with the teacher encountering increasingly
unfamiliar prefixes at later positions and producing noisier reward that in turn destabilizes the student.

Teacher continuation degrades with prefix depth. We further probe this by testing whether the teacher can still
improve upon the student’s continuation when starting from a student-generated prefix. We sample 2K prompts from
DAPO-Math-17K, generate full student rollouts, and select those exceeding 16K tokens. We then truncate each rollout
at multiple positions and let the teacher continue from the resulting prefix. Figure 17(b) shows that the teacher’s
accuracy advantage decreases monotonically, from +0.37 at a 1K prefix to just +0.02 at a 16K prefix.

Together, these results reveal a fundamental tradeoff in OPD’s token-level supervision. Dense reward is effective on
moderately long reasoning traces, but its reliability degrades with depth as the student prefix drifts further from the
states familiar to the teacher. This suggests that OPD may not extend cleanly to longer-horizon settings such as extended
chain-of-thought or agentic multi-turn interaction.

6. Conclusion

This work provides a systematic analysis of OPD, decomposing its success into two governing conditions: thinking-
pattern consistency and the presence of genuinely new knowledge beyond what the student has seen during training.
When these conditions are unmet, off-policy cold start and teacher-aligned prompt selection provide effective remedies.
Overall, our results suggest that OPD succeeds when the teacher’s token-level signal is both informative and locally
exploitable on the student’s own visited states.
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A. Details for Section 3
A.1. GRPO Training Details

Base Model. We initialize GRPO training from Qwen3-4B-Base.

Training Dataset. We use the processed DAPO-Math-17K dataset for GRPO training. Specifically, each question is
augmented with the following instruction:

GRPO dataset template

{Question} Please reason step by step, and put your final answer within \boxed{ }.

Training and Evaluation Settings. We train the teacher model using GRPO. During training, we sample n = 8
responses for each prompt. The maximum prompt length and maximum response length are set to 1,024 and 7,168
tokens, respectively. Training is conducted for one epoch on 8 A800 80G GPUs with a learning rate of 1 x 1076, We
set both the student sampling temperature and the teacher temperature to 1.0, use a repetition penalty of 1.0, disable KL
regularization, and adopt t oken-mean loss aggregation. The main hyperparameters are summarized in Table 1.

Table 1. Training hyperparameters of GRPO for Qwen3-4B-Base-GRPO.

Hyper-parameter Value

Base model Qwen3-4B-Base
RL algorithm GRPO
Training epochs 1

Train batch size 64

Micro batch size 64

Rollout n 8

Maximum prompt length 1,024
Maximum response length 7,168
Validation max response length 31,744
Learning rate 1x 1076
Temperature 1.0

Top-p 1.0

KL regularization 0.0

Loss aggregation token-mean
KL Coefficient 0.0

A.2. Experimental Setup

Unless otherwise noted, all experiments use the default OPD hyperparameters listed in Table 2.

A.3. Benchmark-wise breakdown of thinking-pattern compatibility

To further unpack the averaged result in Figure 2, Figure 8 presents a benchmark-wise breakdown. The advantage
of distillation from Qwen3-4B-Base-GRPO is broadly consistent across datasets rather than being driven by a single
benchmark. The gap is more pronounced on AMC 2023 and AIME 2024, and smaller but still generally present on
AIME 2025. This per-benchmark view supports the interpretation that better early-stage thinking-pattern compatibility
leads to better downstream distillation performance, and the loss from an early mismatch is not fully recovered later in
training.
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Table 2. Default hyperparameters for OPD.

Item Value
Training temperature 1.0
Global batch size 64
Mini batch size 64
Rollout number 4
LogProb top-K 16
Top-K strategy Student Top-K
Top-p 1.0
Max prompt length 1024
Max response length 7168
Learning rate le-6
Epoch 1
KL Coefficient 0.0
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Figure 8. Benchmark-wise breakdown of the average validation accuracy shown in Figure 2. We report results on AIME 2024, AIME
2025, and AMC 2023 separately. Distillation from Qwen3-4B-Base-GRPO consistently matches or outperforms distillation from

Qwen3-4B (Non-thinking) across the three benchmarks.

B. Details for Section 4

B.1. Additional Analysis of Token Overlap Mass

To quantify how much probability mass each model assigns to the overlap top-k region, we define:

M (p)

overlap-mass

and

M(Q)

overlap-mass

-,

:Et

vesPns®

qt(v)

®)

©))

which measure the fraction of total probability mass that the student and teacher, respectively, assign to the shared
tokens in their top-k sets. In our experiments, the overlap tokens carry 97%—-99% of the total probability mass for both

models throughout training, as shown in Figure 9.

B.2. Auxiliary Optimization Dynamics

To complement the analysis in Section 4.1, we report several additional optimization diagnostics for the same contrastive
setting. Throughout this appendix, we fix the student to R1-Distill-1.5B and compare two teachers under the same
Student Top-k OPD training recipe: JustRL-1.5B, which yields a successful run, and R1-Distill-7B, which yields a
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Figure 9. Probability mass assigned to overlap tokens during training. For both the student and teacher distributions, the overlap
tokens consistently account for roughly 97%—99% of the total probability mass, indicating that the overlap is not only increasing at
the set level but also dominates the probability distribution.
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Figure 10. Auxiliary optimization diagnostics for the contrastive OPD setting in Section 4.1, using R1-Distill-1.5B as the student
and comparing JustRL-1.5B against R1-Distill-7B as the teacher. Left: batch-averaged OPD training loss (PG Loss) over training.
Middle: gradient norm over training. Right: probability difference p:(v) — ¢+(v) measured on the token with the largest absolute
advantage. The successful run exhibits a large reduction in optimization loss, sustained gradient magnitude, and a steady decrease
in extreme-token probability mismatch. By contrast, the failing run starts with and maintains much weaker gradients, and its
extreme-token probability discrepancy remains noticeably larger throughout training.

failing run under otherwise matched conditions. These diagnostics are not intended as primary evidence; rather, they
provide a complementary view of how the optimization signal differs between successful and failing OPD.

Diagnostics. We monitor three additional quantities. The first is the batch-averaged OPD training loss, denoted as PG
Loss in Figure 10. The second is the gradient norm, which measures the overall magnitude of the update signal reaching
the student. The third is the probability difference p;(v) — g;(v) on the token with the largest absolute advantage, which
tracks whether the student can reduce the most pronounced local disagreement with the teacher on the tokens that carry
the strongest optimization signal. Together, these metrics help distinguish between successful and failing OPD: in the
former, the student receives a usable signal and progressively reduces mismatch, whereas in the latter, the signal is too
weak or too poorly aligned to drive substantial improvement.

Results. The trends in Figure 10 are consistent with the main conclusion of Section 4.1. First, the successful run with
JustRL-1.5B shows a pronounced reduction in training loss over the course of optimization. Starting from a much larger
initial mismatch, the loss decreases steadily for most of training before flattening at a low value. By contrast, the failing
run with R1-Distill-7B begins with a much smaller loss and changes only modestly thereafter. This pattern suggests
that the smaller loss in the failing run does not indicate better optimization. Rather, it reflects a weak teacher-induced
training signal from the outset, which remains too small to drive substantial policy improvement.

Second, the gradient norm shows an even clearer separation between the two runs. In the successful run, the gradient
norm is initially large and remains substantial through a long portion of training, indicating that the student continues to
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Figure 11. Cross-model validation with a fixed student (R1-Distill-7B) and two teachers. Top: avg@16 accuracy on AIME 2024,
AIME 2025, and AMC 2023. Bottom: overlap ratio, overlap-token advantage, and absolute entropy gap over training. The successful
run is again accompanied by increasing high-probability-token alignment, while the stagnating run is not.

receive a meaningful corrective signal. In the failing run, the gradient norm is consistently much smaller, with only
limited variation over time. Thus, even though optimization proceeds under the same algorithm and training budget,
the student trained against R1-Distill-7B experiences a much weaker update signal. This observation is consistent
with the finding that failure is associated with poor alignment on high-probability tokens: when the student does not
meaningfully enter the teacher-supported region, the resulting gradients remain weak.

Third, the right panel shows that the successful run steadily reduces the probability discrepancy on the token with the
largest absolute advantage, whereas the failing run maintains a noticeably larger gap throughout training. In other words,
when OPD succeeds, the student progressively corrects the local mistakes that matter most under the teacher-induced
advantage signal. When OPD fails, these high-advantage discrepancies persist rather than being resolved. This is again
consistent with the interpretation that the decisive signal in OPD lies on a small set of high-probability, high-advantage
tokens, and failure occurs when the student cannot effectively exploit that signal.

Taken together, these auxiliary dynamics reinforce the interpretation developed in Section 4.1. Successful OPD is
characterized not only by increasing overlap on high-probability tokens, but also by a training regime in which the
student receives gradients of sufficient magnitude to reduce the most important local distributional mismatches. In
contrast, failing OPD is accompanied by weak gradients, limited loss reduction, and persistent disagreement on the
tokens with the strongest advantage signal. While these diagnostics are supportive rather than central, they provide
an optimization-level view that is fully consistent with that the useful learning signal of OPD is concentrated on
high-probability tokens at student-visited states, and training degrades when that signal is too weak or too misaligned to
drive effective updates.

B.3. Cross-Model Validation of High-Probability-Token Alignment

We further test whether the phenomenon in Section 4.1 generalizes to another model pair. Here we fix the student model
to R1-Distill-7B and choose Skywork-OR1-Math-7B and DeepSeek-R1-Distill-Qwen-14B (R1-Distill-14B) as teachers,
using the same training and evaluation setup as in Section 4.1.

Results. Figure 11 shows the same pattern as Figure 6. With Skywork-OR1-Math-7B as the teacher, distillation
improves student performance and is accompanied by steadily increasing overlap ratio, overlap-token advantage
approaching zero, and a small entropy gap. In contrast, with R1-Distill-14B as the teacher, training shows little
improvement and the alignment metrics remain poor or unstable. This provides additional evidence that successful
OPD consistently coincides with the emergence of high-probability-token alignment at student-visited states.



17 RETHINKING ON-POLICY DISTILLATION OF LARGE LANGUAGE MODELS

| —— Qwen3-1.7B-SFT as Student (SFT+OPD) Qwen3-1.7B-Base as Student (Only OPD) |
AIME 2024 Accuracy (avg@16) AIME 2025 Accuracy (avg@16) o AMC 2023 Accuracy (avg@16)
0.125 PN oA A . - ————e T
. . Y 0.075 - e 0.36]_—" -
o— ———e. B . B —
o100 T T ~ ‘ N \ Y 3
- 0.060 L 0.30
0.075
0.045 0.24
0.050
0.030 0.18
0.025 .
0.015 0.12
0 20 40 60 80 100 120 140 160 180 200 0 20 40 60 80 100 120 140 160 180 200 0 20 40 60 80 100 120 140 160 180 200
Training Step Training Step Training Step
Overlap Ratio Overlap-Token Advantage Abs Entropy Gap
0.75 P 0.000
0.70 —0.004 0
0.65 0.008 ww,wwl-“v«/wﬂr“/‘/vm'w/‘”vwv\wwwvm"vw 0.3
—0.008
0.60 0.2
- —0.012
0.55 0.1 e
050 ~0.016 0.0 Y
0 20 40 60 80 100 120 140 160 180 200 0 20 40 60 80 100 120 140 160 180 200 0 20 40 60 80 100 120 140 160 180 200
Training Step Training Step Training Step

Figure 12. Effect of off-policy cold start before OPD, using fixed teacher Qwen3-4B (Non-thinking). The two curves correspond to
OPD from Qwen3-1.7B-SFT and Qwen3-1.7B-Base.

C. Practical Recipe

In Section 3, we identified two conditions for successful OPD. While possessing new knowledge is an intrinsic property
of the teacher, the thinking-pattern gap between the teacher and the student can be narrowed through training design.
In this section, we present two complementary strategies that recover OPD in otherwise failing configurations by
improving the overlap dynamics.

* Off-policy cold start (Section C.1). Fine-tuning the student on teacher-generated rollouts before OPD
closes the initial thinking-pattern gap, leading to higher overlap from the start and consistently stronger final
performance.

¢ Teacher-aligned prompts (Section C.2). Using prompts from the teacher’s post-training data sharpens
alignment on high-probability tokens, although such prompts should be mixed with out-of-distribution
prompts to prevent entropy collapse.

C.1. Off-Policy Distillation from Teacher Rollouts as Cold Start

When the student and teacher have substantially different thinking patterns, pure OPD can be ineffective because the
teacher’s token-level supervision is difficult for the student to exploit from its initial policy. To mitigate this mismatch,
we consider a two-stage framework: we first perform off-policy distillation by supervised fine-tuning (SFT) the student
on teacher-generated rollouts to bring it closer to the teacher’s thinking pattern, and then continue training with standard
OPD.

Setup. We study this setting using Qwen3-1.7B-Base as the student and Qwen3-4B (Non-thinking) as the teacher. We
use the math-domain subset of OpenThoughts3-1.2M (Guha et al., 2025) as the prompt source for SFT. The teacher
generates 200K responses on a subset of this dataset, and we use these teacher rollouts to perform SFT on the student
as a cold start, yielding Qwen3-1.7B-SFT. We then continue training with OPD from this SFT initialization, using
the remaining prompts from OpenThoughts after deduplicating against the SFT prompt subset (approximately 30K
prompts). As a control, we compare against a pure-OPD baseline that starts directly from Qwen3-1.7B-Base and uses
the same teacher and OPD prompt set, but performs no cold-start distillation before OPD. Detailed offline rollout and
SFT configurations are provided in Appendix C.3.

Results.
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Figure 13. Effect of prompt template alignment. The teacher-aligned template yields higher accuracy and overlap growth throughout
training.
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Figure 14. Effect of prompt content alignment. The teacher-aligned prompt contents yield stronger performance, with higher mass
concentration on shared tokens and notably lower entropy.

As shown in Figure 12, the two-stage approach substantially outperforms pure OPD. Starting from Qwen3-1.7B-
SFT yields consistently better validation performance than starting directly from Qwen3-1.7B-Base. Moreover,
the performance gap persists throughout training, indicating that the off-policy cold start improves not only early
optimization, but also the final performance ceiling of subsequent OPD.

The overlap dynamics support the same conclusion. The SFT-initialized student begins with a much higher overlap ratio
and maintains a smooth, stable trajectory, whereas the base-initialized student starts lower and exhibits pronounced
instability before gradually recovering. The entropy gap is also substantially smaller for the SFT-initialized student,
indicating a closer match to the teacher’s confidence profile from the outset. These observations confirm that off-policy
distillation reduces the initial pattern mismatch, making the teacher’s token-level supervision immediately exploitable
once OPD begins. A more detailed analysis of the overlap mass dynamics is provided in Appendix C.4.

C.2. Leveraging Teacher Post-Training Prompts

Another way to improve alignment is from the data side. Since the teacher’s policy is shaped by the prompts seen
during post-training, we find that using teacher-aligned prompts during OPD yields more effective supervision.
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Setup.

We conduct experiments at two granularities: whether matching the prompt femplate matters, and whether matching the
prompt content matters.

* Prompt template: The teacher is JustRL-1.5B and the student is R1-Distill-1.5B. The prompt set is DAPO-Math-
17K, with only the prompt template differing. The original template is the standard DAPO format used in all previous
experiments unless otherwise specified, while the teacher-aligned template matches the format used during JustRL
post-training:

Solve the following math problem step by step. The last line of your response should be of the form Answer: $Answer
(without quotes) where $Answer is the answer to the problem. {Question} Remember to put your answer on its own line
after “Answer:”.

Teacher-Aligned Template

{Question} Please reason step by step, and put your final answer within \boxed{ }.

Thus, the two runs contain the same math problems but differ in how the task is presented to the model. This design
isolates the effect of prompt-template alignment with the teacher while keeping the underlying problem content
unchanged.

* Prompt content: The teacher is Qwen3-4B-Base-GRPO introduced in Section 3.1 and the student is Qwen3-1.7B-
Base. We compare two prompt sets of matched size: DAPO-Math-17K (aligned with the teacher’s RL training
datasets) and a subset of DeepMath, deduplicated against DAPO-Math-17K (see Appendix C.5). This design tests
whether OPD benefits from using prompts that are identical to the teacher’s post-training data, rather than prompts
that are merely in-domain.

Results.

The prompt template setting in Figure 13 shows that simply switching to the teacher-aligned template improves
validation performance on all three benchmarks. The overlap dynamics support this result: the teacher-aligned template
run begins with a higher overlap ratio and converges to a higher level, which indicates that even a minor change in
prompt template can materially affect OPD by making the student’s generated states more compatible with the teacher.
The benchmark-wise breakdown in Appendix C.6 shows the same trend.

The prompt content setting in Figure 14 shows a similar downstream advantage but with a subtlety: teacher-aligned
prompts produce a lower overlap ratio throughout training. However, the cumulative student probability mass on the
overlap tokens is substantially higher, indicating that the student concentrates its mass on fewer but more strongly
shared tokens. The effective alignment on high-probability tokens is therefore stronger, even though the overlap set is
smaller.

At the same time, we observe that using teacher-aligned prompts leads to substantially lower student entropy
during training. This suggests that performing OPD only on prompts seen during teacher post-training may not always
be ideal, as it can overly reduce policy entropy. In practice, a more robust strategy may be to mix teacher-aligned
prompts with prompts outside the teacher’s post-training data in order to preserve policy entropy and maintain the
student’s capacity for exploration.

Overall, these results suggest that OPD benefits not only from an appropriate teacher, but also from a well-matched
prompt set. Prompts closer to the teacher’s post-training data can improve downstream performance and sharpen
alignment on the most important shared tokens, but they should be used with care to avoid overly suppressing student
entropy.
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Table 3. SFT hyperparameters for cold-start distillation from Qwen3-4B (Non-thinking) to Qwen3-1.7B-Base.

Hyper-parameter

Value

Student model Qwen3-1.7B-Base
Training objective Full-parameter SFT
Template qwen3

Training epochs 1

Sequence length 14,336

Per-device batch size 8

Gradient accumulation steps 1

Learning rate 1x107°

LR scheduler Cosine

Warmup ratio 0.05

Precision BF16

C.3. Cold-Start Distillation Details

Offline teacher rollout. To construct the cold-start SFT data, we sample 200K math prompts from the math subset of
OpenThoughts3-1.2M (Guha et al., 2025) and use Qwen3-4B (Non-thinking) to generate one offline response for each
prompt. For each prompt, we use the following template:

Teacher rollout template

{Question} Please reason step by step, and put your final answer within \boxed{ }.

We decode with temperature 0.7, top-p = 0.95, top-k = —1, and a maximum generation length of 12,288 tokens.
After generation, we filter out incomplete responses (e.g., truncated outputs that do not finish properly) and degenerate
repetitive responses. The remaining prompt-response pairs are used as the supervised distillation corpus for training the
student.

Student SFT. Starting from Qwen3-1.7B-Base, we perform full-parameter SFT on the filtered 200K teacher-generated
samples using the LLaMA-Factory framework (Zheng et al., 2024), yielding Qwen3-1.7B-SFT. We summarize the
detailed hyperparameters in Table 3.

C.4. Additional Analysis of Overlap Mass

To better understand why the base-initialized student can occasionally exhibit a comparable or even slightly better
Overlap-Token Advantage while still underperforming overall, we further examine the probability mass covered by the
overlap set from both the student and teacher sides. As shown in Figure 15, the SFT-initialized student maintains both
student overlap mass and teacher overlap mass at consistently high levels throughout training. This indicates that the
overlap tokens cover most of the high-probability regions of both the student and teacher distributions, suggesting a
strong and stable alignment from the beginning of OPD. In contrast, the base-initialized student exhibits substantially
lower and more unstable overlap mass, especially in the early stage of training.

This analysis helps explain why Overlap-Token Advantage alone can sometimes be misleading. Since it is averaged only
over overlap tokens, it can appear relatively favorable even when the overlap set itself misses substantial high-probability
teacher tokens. Overlap mass complements this view by revealing whether the shared support actually covers the most
important parts of the two distributions. From this perspective, the SFT cold start leads to a substantially better and
more stable match between student and teacher.

C.5. Deduplication Details for the DeepMath Subset

For the cross-size setting, we construct a DeepMath subset deduplicated against DAPO-Math-17K in order to compare
prompts aligned with the teacher’s RL post-training data against prompts that are only in-domain.

Our deduplication is performed in two stages: exact-match deduplication and semantic deduplication.
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Figure 15. Student overlap mass and teacher overlap mass during training for SFT-initialized and base-initialized students.
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Figure 16. Benchmark-wise breakdown of the average validation accuracy shown in Figure 13. Using the teacher-aligned template
consistently matches or outperforms the original DAPO template across the three benchmarks.

Question extraction. For both DAPO-Math-17K and DeepMath, we extract the question content and remove the
instruction suffix in the prompt, so that deduplication is performed based on the question text alone.

Stage 1: Exact-match deduplication. We collect all extracted DAPO-Math-17K questions into a set and remove any
DeepMath example whose extracted question exactly matches one of the DAPO questions.

Stage 2: Semantic deduplication. To further remove near-duplicate prompts, we encode both DAPO-Math-17K
and DeepMath questions using the sentence embedding model all-mpnet-base-v2 (Reimers & Gurevych, 2019). We
L2-normalize the embeddings and build a FAISS inner-product index over the DAPO embeddings, so that the inner
product corresponds to cosine similarity. For each DeepMath question, we retrieve its top-1 nearest neighbor in
DAPO-Math-17K. If the cosine similarity to the nearest DAPO question is at least 0.6, we mark the DeepMath example
as a semantic duplicate and remove it.

Final retained subset. We remove any DeepMath example flagged by either exact-match or semantic deduplication.
The resulting subset is in-domain but deduplicated against DAPO-Math-17K, enabling a controlled comparison between
prompts that overlap with the teacher’s post-training data and prompts that are only in-domain.

C.6. Benchmark-wise breakdown of prompt-template alignment

To further unpack the averaged result in Figure 13, Figure 16 presents a benchmark-wise breakdown. The teacher-
aligned template yields broadly consistent improvements across datasets, with larger gains on the two AIME sets and a
smaller but still positive effect on AMC 2023. It also allows the student to recover a larger fraction of the teacher’s
performance, increasing from roughly 80% to roughly 85%. Together with the overlap-ratio result in Section C.2, this
suggests that prompt-template alignment improves OPD by making the student’s generated states more compatible with
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Figure 17. (a) Validation accuracy on three benchmarks under different response lengths. (b) Accuracy gain from teacher continuation
under different student prefix truncation lengths.
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Figure 8. Training dynamics under different maximum response lengths for OPD.

the teacher.

D. Discussion

This appendix extends the discussion in the main text with deeper analysis of training dynamics, reward landscape
geometry, and the effect of support size k.

D.1. Reward Quality Degrades with Trajectory Depth

We use R1-Distill-1.5B as the student and JustRL-1.5B as the teacher, and vary the maximum response length across
six settings (0.5K, 1K, 3K, 7K, 10K, and 15K tokens) while keeping all other hyperparameters fixed. Figure 17(a)
reports the final validation accuracy across the three benchmarks, and Figure 18 shows the corresponding training
dynamics (overlap ratio, gradient norm, and student entropy). To localize the source of late-stage instability observed in
the 10K and 15K settings, Figure 19 visualizes student entropy as a function of output position at successive training
steps, revealing a clear back-to-front propagation pattern in which high entropy first appears at the end of the response
and progressively spreads toward earlier tokens. Figure 17(b) further measures the teacher’s continuation accuracy
after conditioning on student-generated prefixes of increasing length, showing that the teacher’s advantage decreases
monotonically with prefix depth.

D.2. Globally Informative Reward Does Not Guarantee Local Exploitability

The previous subsection shows that reward quality degrades with trajectory depth. A natural follow-up question is
whether the reward signal is fundamentally uninformative in failing OPD configurations or whether the source of failure
lies elsewhere.

Setup. We revisit the controlled comparison from Section 4.1, with R1-Distill-1.5B as the student and two teachers:
JustRL-1.5B (successful OPD) and R1-Distill-7B (failed OPD). For each student rollout y, we compute the sequence
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Figure 19. Average student entropy across decoding positions during OPD training with 15K max response length, measured on
student-generated trajectories from Step 180 to Step 250.
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Figure 20. Sequence mean reward distributions for correct and incorrect student rollouts. Both teachers assign higher reward to
correct rollouts with comparable AUROC (0.73 and 0.75).

mean reward 7(y) = % Ele log mr(y: | ®,y<t) — log mg(y: | , y<¢)] under sampled-token OPD, and compare the
distribution of 7(y) between correct and incorrect rollouts.

Global reward structure is preserved in both settings. Figure 20 shows that, for both teachers, correct rollouts
consistently receive higher sequence mean reward than incorrect ones, with comparable AUROC values (0.73 for
JustRL-1.5B, 0.75 for R1-Distill-7B). The failing 7B teacher does not produce a weaker global signal, which is equally
correlated with rollout correctness.

A hypothesis on local optimization geometry. If the reward is globally informative in both cases, why does OPD fail
with the 7B teacher? The training dynamics from Section 4.1 offer a clue. As shown in Figure 6, when R1-Distill-7B
serves as the teacher, the overlap-token advantage becomes larger in magnitude than in the JustRL setting during the
later stages of training, yet the gradient norm remains persistently smaller (see Appendix B.2). One possible explanation
is that the 7B teacher’s per-token advantages, while individually large, are anisotropic across positions within each
sequence. When these heterogeneous signals are aggregated into a gradient update, they partially cancel, yielding small
effective gradients despite large per-token rewards. By contrast, JustRL-1.5B, which shares a compatible thinking
pattern with the student, may concentrate its advantage on a more coherent subset of tokens. The resulting gradient,
though composed of smaller per-token signals, points in a consistent direction that reverse KL can amplify through its
mode-seeking behavior.

We have not directly verified this anisotropy hypothesis, and doing so would require analyzing the directional structure
of per-token gradients, which we leave to future work. Nonetheless, the co-occurrence of high per-token advantage
and low gradient norm is suggestive and points to an important distinction that a globally informative reward does not
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Figure 21. Effect of the support size k in Top-k OPD. All numbers are reported as avg@16.
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Figure 22. Training dynamics under different support sizes k for Top-k OPD.

guarantee a locally exploitable one. Understanding the geometry of OPD’s reward landscape, and developing objectives
that can exploit anisotropic reward structures, remains an open question.

D.3. Sampled-Token Reward Is Already Sufficient

A natural question about OPD’s reward is how many tokens per position are needed to compute a useful gradient. Top-k
OPD aggregates the reward over the k highest-probability tokens at each position, and one might expect that larger
support always leads to better or more stable learning. We investigate this by varying k& and comparing against the
simpler sampled-token OPD, which uses only a single token drawn from the student distribution at each position.

Setup. We use R1-Distill-1.5B as the student and JustRL-1.5B as the teacher, and compare Top-k OPD with & €
{1,4, 16,64} against sampled-token OPD, keeping all other hyperparameters fixed.

Results. Figure 21 shows that sampled-token OPD achieves performance comparable to that of the Top-k settings
averaged on three benchmarks. The only clearly worse configuration is Top-1, which consistently underperforms.
Enlarging k beyond 4 brings negligible additional gain while leading to greater computational overhead. Figure 22 shows
the training dynamics and reveals where the differences arise. Top-1 exhibits unstable overlap growth, accompanied by
sharp spikes in entropy and gradient norm. Top-4 is substantially more stable but still shows a late-stage dip. Top-16
and Top-64 remain smooth throughout.

Overall, these results suggest that the support size may not be a critical design choice for OPD, as long as the degenerate
Top-1 setting is avoided. The reason sampled-token OPD works well despite using only one token per position is that it
draws a different token at each step proportionally to the student’s own distribution, providing unbiased coverage of the
high-probability region across training. Top-1, by contrast, always selects the argmax token, thereby concentrating the
reward on a single mode. Small policy changes can flip which token occupies rank 1, creating an unstable reward signal
that does not average out over training. The failure of Top-1 is therefore not about using too few tokens, but about using
a biased, mode-concentrated selection rule.
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Figure 23. Average teacher entropy across decoding positions during OPD training with 15K max response length, measured on
student-generated trajectories from Step 180 to Step 250. Elevated entropy first emerges in the suffix and gradually propagates
toward earlier output positions over training.

D.4. Teacher Entropy by Output Position

We visualize teacher entropy as a function of output position across training steps under the 15K max response length
setting (see Figure 23). Teacher entropy first increases at later decoding positions and then progressively propagates
toward earlier tokens over training.

E. Related Work

Knowledge Distillation. Knowledge distillation (KD) (Hinton et al., 2015) transfers knowledge from a large model to
a smaller one by training a student network on the soft output distributions of a teacher. For autoregressive sequence
models, Kim & Rush (2016) extended this to sequence-level distillation by training students on teacher-generated
outputs, establishing the dominant off-policy distillation baseline (Sanh et al., 2019; Jiao et al., 2020; Wang et al.,
2020). In parallel, supervised fine-tuning (SFT) has been directly applied to improve performance on a variety of
downstream tasks (Chung et al., 2024; Sanh et al., 2021; Wei et al., 2021). A fundamental limitation shared by all
off-policy approaches is the train-inference distribution mismatch. The student is optimized on teacher-generated or
reference sequences, but must generate from its own distribution at inference, which is an instance of the exposure
bias (Bengio et al., 2015) that accumulates errors over long generations. This mismatch motivates shifting distillation to
the student’s own on-policy distribution, which is the central idea behind on-policy distillation.

On-Policy Distillation. MiniLLM (Gu et al., 2023) first formalized on-policy distillation (OPD) for LLMs under a
reverse KL objective optimized via policy gradient, arguing that reverse KL's mode-seeking behavior prevents the
student from spreading probability mass over regions the teacher considers unlikely. GKD (Agarwal et al., 2024)
introduced a unified framework interpolating between on-policy and off-policy data across multiple divergences,
demonstrating consistent gains over other KD baselines. Yang et al. (2026b) later formalized OPD theoretically as a
special case of dense KL-constrained RL, showing that the teacher’s per-token log-ratio constitutes an implicit reward
and that scaling this reward beyond its standard weight can push the student past the teacher’s performance boundary.
OPD has since been adopted in industry post-training pipelines (Yang et al., 2025; Lu & Lab, 2025; Zeng et al., 2026;
Xiao et al., 2026; Ko et al., 2026; Jin et al., 2026; Jang et al., 2026; Fu et al., 2026; Yang et al., 2026b), and extended
to scalable self-distillation (Hiibotter et al., 2026; Zhao et al., 2026b; He et al., 2026; Shenfeld et al., 2026; Ye et al.,
2026b; Sang et al., 2026; Kim et al., 2026; Ye et al., 2026a; Yang et al., 2026a; Li et al., 2026; Zhao et al., 2026a; Ding,
2026), where a single model acts as its own teacher by conditioning on privileged information such as ground-truth
solutions or execution feedback. Despite this growing body of work, existing studies focus on demonstrating OPD’s
promise, such as dense rewards and mitigated exposure bias, across varied objectives, tasks, and teacher-student pairs,
without systematically analyzing when or why OPD fails.

Capacity Gap and Distillability. A recurring observation in knowledge distillation is that large teacher-student capacity
gaps can degrade or even reverse the benefit of distillation. Cho & Hariharan (2019) demonstrate that distillation
can hurt student performance when the teacher is substantially more capable, and Mirzadeh et al. (2020) propose
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an intermediate-sized teacher assistant to bridge the gap. Busbridge et al. (2025) provide a quantitative treatment
via distillation scaling laws, showing that student loss follows a power law as a function of teacher quality, student
size, and data volume, identifying a U-shaped capacity regime where teacher over-capability degrades distillation
efficiency. For LLM reasoning, Li et al. (2025) document a “learnability gap” showing that training small models on
long chain-of-thought traces from strong reasoning teachers consistently underperforms simpler approaches, suggesting
that the reasoning complexity of teacher outputs must be matched to student capacity. These findings call for caution
regarding the universality of distillation. However, the existing analyses have largely centered on off-policy knowledge
distillation. In particular, the issues of capacity gap and distillability in OPD remain underexplored.



