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Abstract

On-policy distillation (OPD) trains student models under their own induced
distribution while leveraging supervision from stronger teachers. We iden-
tify a failure mode of OPD: as training progresses, on-policy rollouts can
undergo abrupt length inflation, causing truncated trajectories to dominate
the training data. This truncation collapse coincides with abrupt repetition
saturation and induces biased gradient signals, leading to severe training
instability and sharp degradation in validation performance. We attribute
this problem to the interaction between student-induced data collection
and the distillation objective, which implicitly favors long and repetitive
rollouts. To address this issue, we propose Stable-OPD, a stabilized OPD
framework that combines a reference-based divergence constraint with
rollout mixture distillation. These together mitigate repetition-induced
length inflation and further stabilize OPD training. Across multiple math
reasoning datasets, our approach prevents truncation collapse, stabilizes
training dynamics, and improves performance by up to 7.2% on average.

1 Introduction

On-policy distillation (OPD) (Lai et al., 2020; Czarnecki et al., 2019) has recently gained
attention as an effective framework for training student LLMs under their own induced
distribution while leveraging supervision from stronger teacher LLMs. By iteratively
collecting rollouts from the student policy and applying distillation losses, OPD avoids
the distribution mismatch inherent to purely offline distillation and enables continual
adaptation during training (Agarwal et al., 2024; Lu & Lab, 2025; Yang et al., 2025; Ye et al.,
2025). This paradigm has shown promise in domains such as long-form generation and
reasoning, where robustness under the student’s evolving policy is critical.

Despite the strong performance of OPD, we identify a training pathology that emerges
during optimization. As depicted in Fig. 1, abrupt rollout length inflation occurs as training
progresses: student-generated rollouts suddenly grow much longer, causing truncated
trajectories terminated by a fixed context or token limit to dominate the training data.
We show that this behavior is not a generic form of length bias commonly observed in
GRPO-style RL training. Instead, it is driven by a primary failure mode specific to OPD,
which we term “abrupt repetition saturation”. In this regime, student rollouts unexpectedly
enter repetitive generation patterns, where repeated tokens rapidly dominate the generated
sequence. Once repetition saturation occurs, subsequent on-policy updates reinforce this
behavior, leading to rollout length inflation and eventual training collapse.
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Figure 1: Abrupt length inflation within OPD.

The underlying mechanism lies in OPD’s optimization under the student-induced distri-
bution, guided by reverse-KL advantage signals derived from teacher-student likelihood
discrepancy. During abrupt repetition saturation, repetitive tokens receive systematically
larger reverse-KL advantages than regular tokens. While these tokens contribute little when
they are rare, their frequency rises sharply once repetition begins, and their disproportion-
ately large advantages then make them increasingly dominant in the gradient update. This
creates a self-reinforcing feedback loop: updates increasingly favor repetitive continuations,
which further encourages repetition and length expansion. In this sense, student repetition
may exploit or hack the teacher’s likelihood-based signal.

Empirically, shown in Sec. 3.3, we observe that the onset of repetition saturation and the
rise in rollout truncation tightly coincide with severe training instability, including sudden
drops in validation accuracy and biased learning gradients. Importantly, this collapse occurs
while the teacher model and loss formulation remain fixed, indicating that the instability is
intrinsic to OPD’s on-policy dynamics under abrupt truncation and repetition. Together,
these observations suggest that truncation-dominated OPD training yields biased gradient
signals that destabilize optimization.

To address this training challenge, we introduce a unified stabilization framework, Stable-
OPD, which stabilizes OPD through two complementary mechanisms. First, we incorporate
a reference-based divergence constraint that limits uncontrolled policy drift and curbs
excessive rollout expansion. Second, we employ rollout mixture distillation, which blends
on-policy student rollouts with reference trajectories to maintain a stable fraction of complete,
non-truncated sequences throughout training. Across multiple mathematical reasoning
benchmarks, we show that Stable-OPD consistently stabilizes OPD training and improves
average accuracy by 7.2% compared to standard OPD baselines. Our contributions are
summarized as follows:

• Length Inflation: We identify rollout length inflation as an observable training pathology
in OPD with a primary failure mode of abrupt repetition saturation.

• Rollout Pathology: We empirically show that repetition-saturated, truncation-dominated
rollouts produce biased gradients that destabilize training.

• Stabilization Protocol: We identify the specific constraints required to stop this pathology.
We show that a dual strategy of divergence constraint and rollout mixture effectively
prevents the student from hacking the distillation objective.

• Evaluation: Across six datasets and three LLMs, Stable-OPD consistently improves
accuracy and reduces repetition saturation.

2 Preliminary

2.1 Group Relative Policy Optimization

Group Relative Policy Optimization (GRPO) is a reinforcement learning method widely
used in RL with verifiable rewards for tasks such as math and code (Shao et al., 2024; Guo
et al., 2025; Zhang et al., 2025). Given a prompt x, GRPO samples a group of G responses
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{oi}G
i=1 from policy πθold

and assigns each response a sequence-level reward ri = R(x, oi)
, which is often binary for verifiable tasks (e.g., correctness). This method then assigns a
group-normalized advantage Ai to all tokens k = 1, ...|oi| within response oi. Then, the
objective is inherited from the clipped objective proposed by PPO (Schulman et al., 2017),

JGRPO(θ) = Ex∼P(X),{oi}G
i=1∼πθold

1
G

G

∑
i=1

1
|oi|

|oi |

∑
t=1

min
(
ρt

i(θ)Ai, clip(ρt
i(θ), 1 − ϵ, 1 + ϵ)Ai

)
,

(1)
where P(X) refers to the question distribution, ρt

i(θ) = πθ(ot
i |x, o<t

i )/πθold
(ot

i |x, o<t
i ), πθ

is the current policy, and ϵ controls the trust region of policy updates. However, GRPO
provides only sparse sequence-level rewards with no token-level guidance. In this work,
we retain its clipped objective but replace the sequence-level advantage with token-level
advantages derived from teacher model.

2.2 Knowledge Distillation for LLM

Knowledge distillation (Hinton et al., 2015; Rusu et al., 2015; Kim & Rush, 2016; Gou et al.,
2021; Luo et al., 2026) trains a student model πθ to match a stronger teacher πT on a fixed
dataset of sequence pairs (X, Y). Given a divergence D, standard distillation minimizes
LSD(θ) = E(x,y)∼P(X,Y)

[
D
(
πT ∥πθ

)
(y | x)

]
. However, this off-policy paradigm introduces

a training-inference mismatch, as the student conditions on its own prefixes at test time,
which may deviate from the prefixes observed in the fixed distillation dataset. On-policy
distillation (Gu et al., 2023; Agarwal et al., 2024; Lu & Lab, 2025) addresses this by training
on student-generated responses ŷ ∼ πθ :

LOPD(θ) = Ex∼P(X),ŷ∼πθ

[
D
(
πθ ∥πT

)
(ŷ | x)

]
. (2)

3 Length Inflation in OPD

In this section, we formulate OPD for reasoning tasks, define metrics for probing training
dynamics, present the empirical failure mode of abrupt truncation-repetition inflation, and
analyze it from rollout-level, token-level, and mechanistic perspectives.

3.1 OPD Training for LLM Reasoning

Reverse KL reward and token-level advantage. Instead of sequence-level rewards ri, we
use a teacher model πT to define a token-level reward on each visited state. Following prior
work (Lu & Lab, 2025), we define for each student token yi,t the reverse-KL-based reward:

rKL
i,t = log πT(ŷi,t | si,t, ŷi,<t)− log πθ(ŷi,t | si,t, ŷi,<t),

which encourages the student to increase the probability of tokens to which the teacher
assigns high likelihood. We then take the token-level advantage to be Ai,t ≜ rKL

i,t . This
token-level advantage contrasts with GRPO, where a single sequence-level advantage Ai is
broadcast to all tokens in a response oi.

Objective. The overall optimization objective keeps the GRPO-style clipped form of Eq. (1),
but replaces the sequence-level advantage Ai with the token-level advantages Ai,t. This
GRPO-style OPD objective provides dense token-level guidance from the teacher and serves
as our default training setup in this work.

3.2 Empirical Failure Mode: Abrupt Truncation-Repetition Inflation

To characterize OPD dynamics, we track two metrics over student-generated rollouts: (i)
truncation rate (TruncRate), the fraction of rollouts that exhaust the maximum generation
budget without emitting an EOS token, and (ii) repetition rate (RepRate), the fraction of
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(a) Student: Qwen2.5-Math-1.5B; Teacher: DeepSeek-R1-Distill-7B
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(b) Student: Qwen2.5-Math-1.5B; Teacher: OpenThinker3-7B
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(c) Student: Qwen2.5-Math-7B; Teacher: DeepSeek-R1-Distill-7B

Figure 2: Training dynamics of OPD on three groups. Training starts in a stable regime
with low truncation and repetition, followed by a sharp phase transition where truncation
and repetition increase and remain high while validation accuracy collapses, illustrating a
robust truncation-repetition inflation failure mode of OPD.

rollouts whose tails are highly compressible, indicating degenerate local repetition. More
details about the metrics are in Appendix B.

We study OPD dynamics on a 13k subset of the OpenR1-Math-220k reasoning data under
three student-teacher configurations: (i) Qwen2.5-Math-1.5B with DeepSeek-R1-Distill-7B,
(ii) Qwen2.5-Math-1.5B with OpenThinker3-7B, and (iii) Qwen2.5-Math-7B with DeepSeek-
R1-Distill-7B. For each setting, we train OPD using the reward in Sec. 3.1 and track these
metrics along with validation accuracy on both training rollouts and the MATH500 (Light-
man et al., 2023) validation set. The resulting dynamics are shown in Fig. 2.

Stable early training stage. Across all three settings, OPD initially behaves as desired. Vali-
dation accuracy stays at or slightly above its initialized level, within the generation budget,
and visibly repetitive tails are rare. The rollout truncation rate TruncRate stays around
0.5 for Qwen2.5-Math-1.5B and around 0.23 for Qwen2.5-Math-7B, while the validation
truncation rate remains near 0.2 and 0.1, respectively. The repetition rate RepRate stays
close to zero on both training and validation generations.

Phase transition and robustness. As training progresses, all three settings exhibit a sharp
phase transition. Within a relatively short window of OPD steps (about 30 steps in Fig. 2),
the truncation rate on on-policy rollouts rises abruptly toward one, indicating that most
generations now hit the maximum length budget without emitting an EOS token. At the
same time, the repetition rate RepRate spikes from near zero to about 0.3-0.6, revealing the
emergence of long, highly compressible suffixes dominated by repetitive patterns.

The same qualitative transition appears on the MATH500 validation set: both validation
TruncRate and RepRate jump sharply at nearly the same training step, coinciding with
a sudden drop in validation accuracy. Observing this truncation-repetition inflation and
worse validation performance across all three student-teacher groups suggests that it is a
robust OPD failure mode in reasoning, rather than an artifact of a particular model pair or
dataset split. We refer to this phenomenon as abrupt truncation-repetition inflation.

3.3 Understanding Abrupt Repetition Inflation

The previous subsection established the failure mode empirically. We now examine the
training signals associated with its onset through rollout-level and token-level analyses.
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(a) Student: Qwen2.5-Math-1.5B
Teacher: DeepSeek-R1-Distill-7B
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(b) Student: Qwen2.5-Math-1.5B
Teacher: OpenThinker3-7B
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(c) Student: Qwen2.5-Math-7B
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Figure 3: Rollout-level evidence of abrupt repetition inflation for student-teacher groups.
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Figure 4: Reverse-KL advantage for regular and repetitive tokens during OPD training.

Rollout-level Evidence. Fig. 3 tracks the average student log-probability, teacher log-
probability, reverse-KL advantage, and response length over training. In the early phase,
response lengths remain moderate and all three statistics evolve smoothly. Around the onset
of inflation, however, they shift together: response length jumps toward the generation
budget, both log-probabilities become much less negative, and the teacher log-probability
increases more than the student’s, causing the average advantage to rise sharply. This
pattern is consistent across all three student-teacher groups.

Token-level Evidence. To isolate the local reward signal, we compare the average reverse-
KL advantage of regular tokens and repetitive tokens during training. As shown in Fig. 4,
repetitive tokens receive larger advantages than regular tokens throughout training. Before
the inflation phase, however, repetitive tokens are extremely rare and therefore contribute
little to the aggregate update. Once inflation begins, their frequency rises sharply while
their advantage remains larger. This provides direct empirical evidence that the reverse-KL
signal is not uniformly distributed across the trajectory and systematically favors locally
repetitive continuations.

Taken together, the rollout-level and token-level evidence suggests that OPD increasingly
favors repetitive regions of the trajectory, especially once such tokens become more prevalent
during training. We next formalize how favorable local reward and on-policy sampling
jointly amplify this effect.

3.4 Mechanistic Explanation of Abrupt Repetition Inflation

To formalize the intuition above, we write the effective OPD update in a state-action form.
For simplicity, we ignore the clipping term and suppress the distinction between the rollout
policy and the updated policy. Let dπθ

(s) denote the state-visitation distribution induced
by the current student policy over prefixes s, and let A(s, y) = log πT(y | s)− log πθ(y | s)
denote the token-level reverse-KL advantage in Eq. (3). Denoting the resulting policy
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gradient by g(θ), we have:

g(θ) ∝ Es∼dπθ
, y∼πθ(·|s) [A(s, y)∇θ log πθ(y | s)] . (3)

Thus, the OPD update is governed by two coupled quantities: how often a state is visited,
and how strongly actions at that state are favored by the reverse-KL signal. Let R denote
the set of tokens in repetitive tails. We can decompose Eq. (3) into contributions from states
inside and outside R:

g(θ) = Es∼dπθ
[1{s /∈ R}∆(s)] + Es∼dπθ

[1{s ∈ R}∆(s)] , (4)

where ∆(s) ≜ Ey∼πθ(·|s) [A(s, y)∇θ log πθ(y | s)].

This decomposition makes the OPD-specific feedback explicit. Once visitation to R increases,
the second term occupies a larger share of the update, and that update further encourages
continuations that remain in R. This creates a self-reinforcing loop: repetitive tails need
not be the most frequent tokens overall, but once they become sufficiently common, their
combination of frequency and disproportionately large token-level advantages allows them
to steer subsequent OPD updates toward repetitive continuations.

The empirical evidence in Fig. 4 supports this pattern. Before collapse, repetitive tokens are
relatively rare, so their total contribution to the update remains limited even if their average
advantage is larger. However, around the transition their frequency rises sharply while
their advantage remains much larger; in Fig. 4, repetitive tokens account for roughly 30%
of tokens after collapse, yet their average advantage is about 4–9× that of non-repetitive
tokens. As a result, their aggregate influence on the update can increase disproportionately.

4 Mitigating Repetition Saturation

As shown in Sec. 3, standard OPD can reach a stage where training rollouts are dominated
by long, repetitive, and truncated trajectories, leading to an abrupt truncation-repetition
collapse and a sharp drop in validation accuracy. In this section, we introduce two strategies
designed to explicitly mitigate this failure mode.

4.1 Mixture Distillation: Combining On- and Off-Policy Supervision

The training objective of OPD is driven by student-generated rollouts, and there is no
explicit control over the distribution of states the student visits. Once the student starts
to visit long, repetitive, and truncated trajectories, OPD updates are dominated by these
degenerate states, which accelerates truncation-repetition saturation and accuracy collapse.

To address this, we introduce a hybrid training paradigm, mixture distillation, which
combines OPD with off-policy supervision on high-quality “golden” data. Intuitively, the
golden data serves as an anchor: it maintains a fraction of complete, non-truncated, and non-
repetitive trajectories throughout training, and keeps the OPD objective tied to reasonable
reasoning behavior by reducing the influence of degenerate on-policy rollouts.

In addition to the on-policy rollouts used to optimize the OPD objective, we maintain a fixed
dataset Dgold of input-output pairs (x, y) with complete and high-quality chain-of-thought
solutions. At each training step, we sample a set of prompts x and, for each x, include both
the on-policy rollout generated by the student and a golden solution (x, y) from Dgold in the
same minibatch. Thus the model simultaneously sees its own trajectory and a high-quality
target for the same problem, and we optimize a combined loss over this mixed supervision.

Lmix(θ) = LOPD(θ) + λgold E(x,y)∼Dgold

[
LSFT(θ; x, y)

]
, (5)

where LSFT is a standard supervised loss and λgold controls the weight of the golden data.

Recent self-distillation methods (Hübotter et al., 2026; Zhao et al., 2026) have also leveraged
high-quality “golden” responses, but for a different purpose. In those approaches, golden
responses are typically used to refine the teacher signal itself. As noted by Kim et al. (2026),
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this can suppress the teacher’s uncertainty during reasoning and hurt student performance
on complex problems. By contrast, mixture distillation leaves the original teacher-derived
OPD signal unchanged on on-policy rollouts. Golden data is used only through an auxiliary
off-policy SFT term that stabilizes training, and thus does not introduce this issue.

From a distributional perspective, mixture distillation can be viewed as training on a mixture
of two state distributions: the on-policy distribution induced by the current student, and
a fixed off-policy distribution induced by Dgold. This prevents the OPD objective from
being driven solely by truncation-dominated rollouts: gradients are rebalanced toward
high-quality, non-truncated reasoning trajectories, and the mixed supervision in turn steers
the student to generate better on-policy samples during training.

4.2 KL-Regularized Mixture Distillation

While mixture distillation modifies the training distribution by injecting off-policy golden
data, it does not directly control the magnitude of the student policy updates at each step.
In the standard OPD setup, once the student drifts toward long, repetitive trajectories, the
reverse-KL advantages become much less negative exactly at these states, weakening the
penalty on repetitive continuations. To control this drift, we add a reference-based diver-
gence constraint. We introduce a reference policy πref (e.g., the initial student checkpoint)
and penalize deviations from this reference at visited prefix states. For a prefix state st at
step t, we define KL(st) = DKL

(
πθ(· | st) ∥ πref(· | st)

)
as the per-prefix KL between the

student and reference policies. The KL-regularized Mixture Distillation loss is then defined
as

LStable-OPD(θ) = Lmix(θ) + βKL Est

[
KL(st)

]
, (6)

where βKL > 0 controls the strength of the regularization.

5 Experiment

In this section, we conduct experiments to answer the following research questions: RQ1:
How does Stable-OPD affect LLM reasoning performance on mathematical reasoning
benchmarks? RQ2: How does Stable-OPD mitigate truncation-repetition saturation in OPD
training? RQ3: What are the effects of mixture distillation and KL regularization?

5.1 Experiment Setup

Training. We build training data from OpenR1-Math-220k1, following the filtering proce-
dure in (Yan et al., 2025). Prompts are sourced from NuminaMath 1.5 (LI et al., 2024) and
paired with reasoning traces generated by DeepSeek-R1 (Guo et al., 2025). Starting from the
default 94k-prompt split, we filter out generations that exceed 8192 tokens or are marked
incorrect by Math-Verify2, and result in 46k prompts and high-quality demonstrations.

Evaluation. We evaluate on six widely used mathematical reasoning benchmarks: AIME
2024, AIME 2025, AMC (LI et al., 2024), Minerva (Lewkowycz et al., 2022), Olympiad-
Bench (He et al., 2024), and MATH500 (Lightman et al., 2023). For AIME 2024, AIME 2025,
and AMC, whose test sets are small, we report avg@32. For Minerva, OlympiadBench, and
MATH500, we report pass@1. The sampling temperature is 0.6 for testing.

Implementation Details. For OPD training, we use a rollout batch size of 64 and sample 4
on-policy trajectories per prompt. When applying mixture distillation, each prompt in the
batch is additionally paired with one off-policy golden solution from the dataset. Following
recent OPD practice (Lu & Lab, 2025), we first perform supervised fine-tuning on 33k
samples from the filtered dataset, and then run OPD on the remaining 13k samples. We
generate rollouts with a sampling temperature of 1.0 and optimize the student with Adam
using a learning rate of 1 × 10−6. All experiments are conducted on 4×H200 GPUs.

1https://huggingface.co/datasets/open-r1/OpenR1-Math-220k
2https://github.com/huggingface/Math-Verify
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Table 1: Accuracy on six mathematical benchmarks for Qwen2.5-Math-7B. The best per-
formance on each benchmark is highlighted in bold. For OPD-based methods we use
OpenThinker3-7B as teacher models.

MODEL AVG MATH-500 MINERVA OLYMPIAD AMC AIME24 AIME25

QWEN2.5-MATH-7B 19.1 43.6 7.4 15.6 31.3 11.5 4.9
QWEN2.5-MATH-7B-INSTRUCT 37.6 80.4 32.7 41.0 48.5 12.5 10.2

SIMPLERL-ZERO 37.4 76.0 25.0 34.7 54.9 27.0 6.8
OPENREASONER-ZERO 41.0 82.4 33.1 47.1 52.1 16.5 15.0
PRIME-ZERO 40.8 81.4 39.0 40.3 54.0 17.0 12.8
OAT-ZERO 43.8 78.0 34.6 43.4 61.2 33.4 11.9

SFT 44.1 82.6 40.8 43.7 52.8 22.2 22.3
GRPO 45.5 84.4 39.3 46.8 62.0 25.1 15.3
OPD 43.8 80.0 37.9 47.5 53.4 21.7 22.2
STABLE-OPD 47.6 84.6 43.4 49.3 58.1 24.7 25.2
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Figure 5: Training dynamics of OPD vs. Stable-OPD.

Baseline Methods. We benchmark Stable-OPD against the following baselines using
Qwen2.5-Math-1.5B and Qwen2.5-Math-7B (Yang et al., 2024). For SFT methods, the base
model is fine-tuned on the full 46k dataset. For RL methods, we include GRPO (Shao et al.,
2024), SimpleRL-Zero (Zeng et al., 2025), Oat-Zero (Liu et al., 2025), PRIME-Zero (Cui et al.,
2025), and OpenReasoner-Zero (Hu et al., 2025). We also compare with standard OPD (Lu
& Lab, 2025). In addition, we adopt the same 33k/13k split as above: the model is first
supervised fine-tuned on 33k examples and then trained with OPD on the remaining 13k
examples. More details are listed in Appendix C.

5.2 Reasoning performance (RQ1)

We compare Stable-OPD with supervised and RL baselines on six mathematical reasoning
benchmarks, reporting accuracies in Table 1 and Table 3 for both Qwen2.5-Math-1.5B and
Qwen2.5-Math-7B backbones. Across both model scales, SFT and GRPO substantially
improve over the base models, but standard OPD fails to match these gains despite using
on-policy samples and dense token-level supervision. For example, on the 7B backbone,
OPD achieves 43.8% average accuracy, trailing SFT (44.1%) and GRPO (45.5%). A similar
trend appears on the 1.5B backbone. The results suggest that training instability limits the
effectiveness of OPD. Stable-OPD addresses this issue by stabilizing OPD with mixture
distillation and KL regularization, yielding consistent improvements across scales. As shown
in Table 3, it boosts average accuracy from 28.9% to 36.1% (+7.2) on the 1.5B backbone,
achieving the best performance. On 7B backbone, Stable-OPD reaches 47.6% average
accuracy, surpassing all other methods.

We further compare Stable-OPD with recent RLVR approaches, such as SimpleRL-Zero,
OpenReasoner-Zero, PRIME-Zero and Oat-zero, on Qwen2.5-Math-7B backbone, as shown
in Table 1. Stable-OPD achieves the best average accuracy (47.6%), outperforming the
strong zero-style methods. These results indicate that stabilizing on-policy distillation can
surpass carefully engineered RLVR pipelines, providing a simple yet effective alternative
for improving mathematical reasoning.

5.3 Mitigating truncation-repetition inflation (RQ2)

To assess how Stable-OPD changes OPD training dynamics, we compare the same student-
teacher settings and track rollout and evaluation truncation and repetition on MATH500
over training steps, as shown in Fig. 5 and Fig. 6. Across both student-teacher groups, OPD
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Method Avg. Acc (%)

Qwen2.5-MATH-1.5B 16.0
OPD 28.0
OPD + KL 29.7
OPD + Mixture Distillation 31.1
OPD + KL + Mixture Distillation 35.7

Table 2: Ablation studies on KL regularization and mixture distillation.

exhibits the truncation-repetition inflation: after an initially stable phase, rollout and evalua-
tion truncation/repetition curves spike sharply and then remain at much higher levels than
in the early stage, with only minor fluctuations. Under Stable-OPD, the training dynamics re-
main stable. For the Qwen2.5-Math-1.5B + OpenThinker3-7B setting, all four curves remain
flat throughout training: truncation ratios stay at moderate levels and repetition ratios are
near zero on both rollouts and evaluation prompts. For the Qwen2.5-Math-1.5B + DeepSeek-
R1-Distill-7B setting, we do observe a mild upward drift in truncation and repetition near
the end of training, but the increase is much smaller than with OPD and occurs much later
than the sharp inflation observed under OPD. These results show that mixture distillation
and KL regularization prevent OPD from entering the abrupt truncation-repetition inflation
regime.

5.4 Ablation on mixture distillation and KL Regularization (RQ3)

We ablate the two components of Stable-OPD, mixture distillation and KL regularization,
to quantify their contributions. We use DeepSeek-R1-Distill-7B as the teacher models. As
shown in Table 2, compared to the base model, OPD improves performance to 28.0%, but re-
mains substantially below Stable-OPD due to training instability. Adding KL regularization
alone yields a modest but consistent gain (28.0→29.7), indicating that constraining policy
drift helps stabilize OPD updates. Adding mixture distillation alone brings a larger gain
(28.0→31.1), but still falls below the full method. Combining the two components yields
the largest improvement (35.7), larger than either component alone, making it the strongest
variant in the 1.5B setting. This suggests that the two components are complementary:
KL regularization limits abrupt policy shifts at the token-level, while mixture distillation
provides a stable fraction of high-quality trajectories that anchors learning when on-policy
rollouts start to degrade.

6 Related Work

Length Bias in LLM Reasoning. Recent work such as Dr.GRPO (Liu et al., 2025) and
DAPO (Yu et al., 2025) has observed that standard GRPO-style objectives implicitly fa-
vor longer responses, and proposes objective reweighting or normalization schemes to
remove sample-length bias. These methods focus on eliminating length-dependent gradient
scaling at the sequence level, and have been shown to stabilize RL training under sparse
rewards. Decoding-time approaches instead suppress repetitive, overlong generations at
inference (Xu et al., 2025). In contrast, our work identifies a qualitatively distinct training-
time failure mode that arises in OPD. We show that repetitive continuations receive larger
token-level advantages, and on-policy sampling amplifies their contribution once they be-
come frequent, leading to abrupt repetition inflation and length explosion. This mechanism
differs fundamentally from previously studied forms of length bias in RLVR and is specific
to OPD dynamics.

On-policy Distillation. OPD trains the student on trajectories sampled from its current
policy, while a teacher provides per-token guidance through KL-based regularization or
closely related objectives (Agarwal et al., 2024; Lu & Lab, 2025; Xiao et al., 2026; Yang et al.,
2025; Gu et al., 2023). By aligning the learning signal with the student’s own visitation
distribution, these methods reduce the distribution shift that arises when supervision is
collected off-policy. These works connect distillation to classic on-policy data aggregation in
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imitation learning, such as DAgger (Ross et al., 2011), where an expert supplies corrective
supervision on states encountered by the learner under its own policy.

7 Conclusion

We identify a failure mode of OPD characterized by abrupt rollout length inflation, trun-
cation collapse, and repetition saturation. We show that this pathology arises from the
interaction between student-induced data collection and the likelihood-based distillation
objectives: repetitive tokens receive systematically larger advantages, and once sufficiently
frequent, their disproportionate reward signal dominates gradient updates, creating a self-
reinforcing feedback loop that implicitly favors increasingly long and repetitive rollouts.
To address this issue, we propose Stable-OPD, a stabilized OPD framework that combines
a reference-based divergence constraint with rollout mixture distillation. Across multiple
mathematical reasoning benchmarks, Stable-OPD consistently stabilizes OPD training and
improves performance by 7.2% on average compared to standard OPD baselines.
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A Use of LLMs

We used a large language model only for spelling and grammar correction of the manuscript
text. The LLM was not involved in research ideation, experimental design, data generation,
analysis, or substantive writing beyond copy-editing. All content and claims were authored
and verified by the authors, who take full responsibility for the paper. The LLM is not an
author.

B Metrics for Analyzing OPD Dynamics

To study the dynamics of OPD training, we monitor two simple metrics computed over a
set of model rollouts: truncation rate and repetition rate. Both metrics can be evaluated on
on-policy training rollouts and on held-out validation prompts; for clarity we define them
on an arbitrary set of student-generated responses R = {oi}N

i=1.

Truncation rate. Each rollout oi is generated under a fixed maximum generation length.
We say oi is truncated if generation terminates because this length budget is exhausted,
rather than because the model emits an EOS token. Let trunc(oi) ∈ {0, 1} indicate
whether oi is truncated. The truncation rate over R is the average value of TruncRate =
1
N ∑N

i=1 trunc(oi)(R).

Repetition rate. To detect degenerate local repetition, we use a compression-based metric.
Let bytes(oi) denote the byte representation of oi, and let c(·) denote zlib compression.
For the last L characters otail

i , we define CompRatio(oi) =
∣∣bytes(otail

i )
∣∣/∣∣c(bytes(otail

i )
)∣∣.

We mark oi as repetitive if its tail is long enough and highly compressible: rep(oi) =

1
[
|otail

i | > L ∧ CompRatio(oi) > τ
]
, where L = 10,000 and τ = 10 in our experiments.

The repetition rate over R is RepRate(R) = 1
N ∑N

i=1 rep(oi), i.e., the fraction of long roll-
outs whose tails are extremely compressible, which correlates with visibly repetitive, low-
information continuations.

C Baseline Methods.

We benchmark Stable-OPD against the following baselines using Qwen2.5-Math-1.5B and
Qwen2.5-Math-7B (Yang et al., 2024). For SFT methods, the base model is fine-tuned on
the full 46k dataset. For RL methods, we include GRPO (Shao et al., 2024), trained on the
same dataset with verifiable rewards; SimpleRL-Zero (Zeng et al., 2025), which trains from
Qwen2.5-Math-7B using rule-based reward; Oat-Zero (Liu et al., 2025) which trains from
Qwen2.5-Math-7B and rule-based reward, proposing to remove the standard deviation in
GRPO advantage computation and token-level normalization in policy loss computation;
PRIME-Zero (Cui et al., 2025), which uses policy rollouts and outcome labels through
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implict process rewards; and OpenReasoner-Zero (Hu et al., 2025) which is an open-source
implementation of RLVR methods. We also compare with standard OPD (Lu & Lab, 2025),
we adopt the same 33k/13k split as above: the model is first supervised fine-tuned on 33k
examples and then trained with OPD on the remaining 13k examples.

D More Related Work

Knowledge Distillation Knowledge distillation (KD) (Hinton et al., 2015) is a widely
used paradigm for model compression, where a student is trained under the guidance of
a stronger teacher (Rusu et al., 2015; Gou et al., 2021), enabling efficient deployment in
downstream LLM systems (Chang et al., 2025). In autoregressive generation, a common
approach is to match the teacher’s conditional next-token distribution via token-level
distillation, typically implemented as minimizing the forward KL divergence between
student and teacher distributions at each decoding step (Sanh et al., 2019). An alternative is
sequence-level distillation, where the student is trained on full sequences produced by the
teacher (Kim & Rush, 2016). While these objectives are stable and easy to optimize, they rely
on a fixed supervision distribution, leading to train-inference mismatch once the student
drifts from the supervised trajectories.

E Additional Experiment Results

E.1 Additional Experiment Results on More Base models

We also compare Stable-OPD with supervised and RL baselines on six mathematical reason-
ing benchmarks for Qwen2.5-Math-1.5B backbone. Similar to results in Table 1, SFT and
GRPO substantially improve over the base models, but standard OPD fails to match these
gains despite leveraging on-policy samples and dense token-level supervision. The results
suggest that training instability limits the effectiveness of OPD. Stable-OPD addresses this
issue by stabilizing OPD with mixture distillation and KL regularization, yielding consistent
improvements across scales. On the 1.5B backbone, it boosts average accuracy from 28.9%
to 36.1% (+7.2), achieving the best performance.

Table 3: Accuracy on six mathematical benchmarks for Qwen2.5-Math-1.5B. The best per-
formance on each benchmark is highlighted in bold. For OPD-based methods we use
OpenThinker3-7B as teacher models.

MODEL AVG MATH-500 MINERVA OLYMPIAD AMC AIME24 AIME25

QWEN2.5-MATH-1.5B 16.0 28.0 9.6 21.2 26.4 7.2 3.6
QWEN2.5-MATH-1.5B-INSTRUCT 35.7 77.4 28.7 39.1 48.1 12.1 8.9

SFT 31.9 70.6 26.8 31.3 37.8 11.7 13.2
GRPO 30.1 61.8 26.8 32.0 40.2 11.8 7.7
OPD 28.9 56.7 23.4 31.0 35.9 11.1 15.0
STABLE-OPD 36.1 73.9 32.6 37.4 43.0 13.8 16.0

E.2 Additional Experiment Results on More Teacher models

To further validate the robustness of Stable-OPD under different supervision sources, we
conduct experiments with two teachers: DeepSeek-R1-Distill-7B and OpenThinker3-7B.
Table 1 reports the accuracy on six math benchmarks for all methods. Overall, Stable-
OPD with OpenThinker3-7B achieves the best average performance (36.1%) and yields
the strongest results on MATH-500 (73.9%) and Olympiad (37.4%). In contrast, Stable-
OPD distilled from the R1-distilled teacher performs best on Minerva (32.7%), AIME24
(14.6%), and AIME25 (17.2%). Comparing teachers for the same student, distillation from
the stronger OpenThinker3-7B teacher improves the average accuracy over R1-Distill-7B,
aligning with the intuition that higher-quality teachers provide more informative token-level
supervision.
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Table 4: Accuracy on six mathematical benchmarks. The best performance on each bench-
mark is highlighted in bold. †denotes models distilled from DeepSeek-R1-Distill-7B, and
‡denotes models distilled from OpenThinker3-7B.

MODEL AVG MATH-500 MINERVA OLYMPIAD AMC AIME24 AIME25

QWEN2.5-MATH-1.5B 16.0 28.0 9.6 21.2 26.4 7.2 3.6
QWEN2.5-MATH-1.5B-INSTRUCT 35.7 77.4 28.7 39.1 48.1 12.1 8.9

SFT 31.9 70.6 26.8 31.3 37.8 11.7 13.2
GRPO 30.1 61.8 26.8 32.0 40.2 11.8 7.7
OPD† 28.0 58.4 22.4 26.9 36.2 10.9 13.1
STABLE-OPD† 35.7 72.0 32.7 34.9 43.0 14.6 17.2

OPD‡ 28.9 56.7 23.4 31.0 35.9 11.1 15.0
STABLE-OPD‡ 36.1 73.9 32.6 37.4 43.0 13.8 16.0
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Figure 6: Training dynamics of OPD vs. Stable-OPD. Student: Qwen2.5-Math-1.5B; Teacher:
DeepSeek-R1-Distill-7B.

F More Dynamics Analysis of OPD

As shown in Fig. 7, abrupt accuracy changes are often synchronized with sharp shifts in
the underlying training signals, especially the advantage and the teacher log-probabilities.
These synchronized spikes often co-occur with increased truncation or repetition, suggesting
a strong correlation between unstable teacher-guided supervision and sudden performance
fluctuations.

G Robustness of the Abrupt Collapse

The analysis in Sec. 3 attributes the abrupt truncation-repetition inflation to the coupling
between student-induced on-policy state visitation and reverse-KL token weighting, rather
than to any specific experimental configuration. To verify this, we vary one factor of the
OPD setup at a time, either the teacher scale or the rollout length budget, while keeping all
other components unchanged. Runs in this section use Qwen2.5-Math-1.5B as the student
and DeepSeek-R1-Distill-7B as the teacher, matching the setting of Fig. 2. In both variants,
the same abrupt collapse still occurs, which supports that the failure mode is intrinsic to the
OPD training loop rather than an artifact of a particular teacher or length budget.

Teacher scale. We replace the 7B teacher with DeepSeek-R1-Distill-Qwen-14B. As shown in
Fig. 8, the onset of the collapse is largely insensitive to teacher scale: the truncated-fraction,
repetition-fraction, and response-length curves depart from the stable region at a similar
step in both runs, with comparable shape and slope. The 14B run is slightly milder: at step
500, the truncated fraction is 0.92 vs. 0.99, the repetition fraction is 0.36 vs. 0.43, and the
lowest MATH500 accuracy during training is about 2 points higher. Nevertheless, all four
failure patterns still appear. Thus, a larger teacher reduces the severity of the collapse, but
neither delays nor prevents it.

Rollout length budget. The non-zero initial truncation rate (∼0.5 for the 1.5B student)
reflects the fixed 8k rollout budget rather than the repetition inflation itself. To test whether
the collapse is an artifact of an under-budgeted setup, we rerun OPD with the rollout budget
increased from 8k to 12k tokens. As shown in Fig. 9, the initial truncation rate drops from
∼0.5 to ∼0.2, but the same failure mode still emerges: rollout length grows toward the new
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(a) Student: Qwen2.5-Math-1.5B; Teacher: DeepSeek-R1-Distill-7B
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(c) Student: Qwen2.5-Math-7B; Teacher: DeepSeek-R1-Distill-7B

Figure 7: Dynamics of OPD across training. Each panel shows truncation/repetition for
both rollout and evaluation versus accuracy. Sudden accuracy changes often align with
abrupt shifts in teacher log-probabilities and advantage estimates.

12k ceiling, the repetition fraction rises above 0.6, and MATH500 accuracy degrades by a
similar margin as under the 8k budget. Increasing the generation budget therefore shifts the
length ceiling upward, but neither delays nor removes the inflation.
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Figure 8: OPD training dynamics with a 7B vs. 14B teacher. Student: Qwen2.5-Math-1.5B.

Figure 9: Budget sensitivity of OPD collapse. Student: Qwen2.5-Math-1.5B; Teacher:
DeepSeek-R1-Distill-7B.
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H Qualitative Example of Repetition Tails

We illustrate the repetitive tails identified in Sec. 3 with a representative rollout from
a collapsed OPD checkpoint, shown below. The problem is a multiple-choice complex-
number question whose gold answer is D, but the student concludes with the wrong answer
B. The model has already completed a full reasoning trajectory and emitted a final answer;
instead of terminating or revising the wrong answer, it enters a tight answer-format loop that
repeats until the 8,192-token generation budget is exhausted. The rollout has a repetitive-
tail fraction of 0.69, and its longest contiguous repeated span contains 5,447 tokens. On
such a locally deterministic tail, both the teacher and the student assign near-zero negative
log-probabilities to the repeated continuation, so the reverse-KL penalty largely vanishes,
consistent with the mechanism in Sec. 3.4. The inflated tail is thus not meaningful additional
reasoning or self-correction, but a low-information repetitive continuation generated after
the model has already committed to an answer.

Example rollout with a repetitive tail

Problem. The complex number z satisfies z + 1
z ∈ R, and |z − 2| =

√
2. The number of such

complex numbers z is: A. 1 B. 2 C. 3 D. 4

Student rollout:

Okay, so I need to solve this complex number problem. Let’s start by understanding
what’s given and what’s being asked. [...] Thus, going through all the analysis, I
believe that the answer is 2, option B.
</think>
**Final Answer**
\boxed{B}
</think>
**Final Answer**
\boxed{B}

[...]

[the same block repeats until the generation budget is exhausted]
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