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Abstract
On-policy distillation (OPD) is a promising ap-
proach for transferring reasoning capabilities to
capacity-constrained models, yet sampled-token
OPD often suffers from entropy collapse and neg-
ative transfer. We identify uniform credit alloca-
tion as a key bottleneck: existing objectives ob-
tain dense teacher feedback on student-generated
trajectories, but apply it uniformly across sam-
pled tokens despite highly heterogeneous token-
level signals. Most tokens carry redundant near-
zero credit, while rare heavy-tailed negative cred-
its can dominate updates and prematurely sup-
press plausible reasoning trajectories. We intro-
duce REOPOLD (Relaxed On-Policy Distillation),
a framework that relaxes this uniform assign-
ment by controlling where teacher feedback is
applied, how strongly it affects the update, and
when the allocation rule changes during train-
ing. Across diverse reasoning tasks, REOPOLD
improves sampled-token OPD over recent post-
training baselines with up to 12× higher sample
efficiency, and extends to cross-vocabulary distil-
lation, self-distillation, and test-time scaling.

1. Introduction
Large language models (LLMs) have achieved remarkable
reasoning capabilities through large-scale post-training and
test-time scaling, as demonstrated by recent reasoning-
oriented systems such as OpenAI’s o1/o3 (Jaech et al., 2024)
and DeepSeek-R1 (Guo et al., 2025). However, replicating
this success in small language models (SLMs) proves dif-
ficult. Due to limited capacity, SLMs often benefit less
efficiently from direct reward optimization, making stan-
dard reinforcement learning (RL) less effective for improv-
ing reasoning in capacity-constrained models (Guo et al.,
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2025; Dang & Ngo, 2025; Yan et al., 2025). This dispar-
ity necessitates alternative mechanisms specifically tailored
for transferring reasoning abilities to capacity-constrained
models.

To address this, recent work (Yang et al., 2025; Patiño et al.,
2025) has adopted on-policy distillation (OPD), where the
student learns from its own trajectories under the guidance
of a high-capacity teacher with stronger reasoning capa-
bilities. By providing dense teacher-derived feedback on
student-sampled trajectories, OPD reduces the burden of
reward design while preserving the on-policy nature of train-
ing. Empirically, OPD has been shown to outperform RL
and supervised fine-tuning (SFT) on reasoning tasks, mak-
ing it a promising framework for transferring reasoning
capabilities. More recently, sampled-token supervision (Lu
et al., 2025; Xiao et al., 2026) has emerged as a common
alternative to full-vocabulary distillation (Agarwal et al.,
2024; Ko et al., 2024), as it avoids scoring the entire vocab-
ulary and therefore scales more naturally to long reasoning
trajectories.

However, a central bottleneck in OPD lies not only in ac-
quiring teacher feedback, but also in allocating it effectively.
Existing sampled-token methods compute teacher-derived
credits (i.e., log-likelihood ratios) on student-generated tra-
jectories, but largely apply these credits uniformly over
all sampled tokens. This uniform allocation overlooks the
highly imbalanced nature of token-level credits: most sam-
pled tokens provide redundant near-zero signals, whereas
rare but heavy-tailed negative credits can dominate optimiza-
tion, as shown in Figure 1. As a result, stable and efficient
OPD requires mechanisms that decide where teacher feed-
back should be applied, how much it should influence the
update, and when it should be trusted.

Empirically, this imbalance manifests as instability in stan-
dard OPD (Gudibande et al., 2023; Gu et al., 2024). We ob-
serve frequent negative transfer, where the student degrades
relative to its base initialization (Section F and Figure 9),
along with rapid entropy collapse that leads to premature
convergence (Section 2 and Figure 3). This motivates our
selective credit allocation view, which is related to prior
work on non-uniform sample allocation and robust example
reweighting (Schaul et al., 2015; Shrivastava et al., 2016;
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Lin et al., 2017; Ren et al., 2018). Rather than treating all
sampled-token credits uniformly, OPD should selectively al-
locate teacher supervision according to the student’s current
learning dynamics.

Contributions. We analyze sampled-token OPD as a prob-
lem of selective credit allocation. Instead of treating all
teacher-derived token signals as equally useful, we ask
where teacher feedback should be applied, how strongly
it should influence the update, and when the allocation rule
should change during training. Our contributions are sum-
marized as follows:

• Credit allocation diagnosis: We show that standard OPD
implicitly applies a uniform credit allocation rule over
sampled tokens. This rule is poorly matched to the hetero-
geneous credit structure of OPD, where a large fraction of
sampled tokens carry near-zero credit, while rare teacher-
student mismatches induce heavy-tailed negative credit
and premature entropy collapse.

• Student-conditioned credit allocation: To address
these, we propose REOPOLD, a unified framework
that selectively regulates teacher credit along three
axes: update magnitude, token uncertainty, and training
stage. Concretely, REOPOLD integrates bounded negative
credit, entropy-guided token selection, and exploration-
to-refinement scheduling to stabilize sampled-token distil-
lation.

• State-of-the-art efficiency and scalability: Empirically,
REOPOLD achieves superior training sample efficiency
and enables stronger test-time scaling for SLMs (Figure 6).
Across mathematical, visual (Liu et al., 2025b), and tool-
use (Qian et al., 2025) reasoning tasks, REOPOLD con-
sistently outperforms baselines and remains effective be-
yond same-family distillation, including cross-vocabulary
(Patiño et al., 2025; Boizard et al., 2025) and privileged
self-distillation (Zhao et al., 2026).

2. Motivation: Indiscriminate Credit
Allocation in On-Policy Distillation

2.1. Background: Sampled-token on-policy distillation

Let πθ denote the student policy and πT the teacher policy.
For a query q, OPD samples responses from the student’s
behavior policy πθold and updates the student using teacher
feedback on the sampled tokens. A common sampled-token
reverse-KL objective, written in maximization form, is

JRKL(θ) =Eq∼Q, {oi}G
i=1∼πθold

(·|q) 1∑
i |oi|

G∑
i=1

|oi|∑
t=1

ρi,t(θ)Ri,t(θ)

 ,
(1)

         

     

   

   

   

   

   

 
  

 
 
 
 
 
 
  
  
 
 

                                     

         

     

   

   

   

   

 
  

 
 
 
 
 
 
  
  
 
 

                                       

Degenerate near-zero rewards Degenerate near-zero rewards

Heavy-tail of negative rewards Heavy-tail of negative rewards

Figure 1. Log-scale histogram of teacher-derived credit. The
red dashed ellipse indicates degenerate near-zero credits, while the
purple dashed region highlights the heavy tail of negative credits.

where ρi,t(θ) =
πθ(oi,t|q,oi,<t)

πθold
(oi,t|q,oi,<t)

and Ri,t(θ) =

log
πT (oi,t|q,oi,<t)
πθ(oi,t|q,oi,<t)

. We refer to Ri,t as the teacher-derived
token credit. Following sampled-token OPD practice, we de-
tach Ri,t and treat it as a fixed token-level credit within each
update; the corresponding gradient derivation is provided in
Appendix B.1.

This sampled-token formulation differs from full-vocabulary
distillation (Agarwal et al., 2024; Gu et al., 2024; Ko
et al., 2024), which compares teacher and student distribu-
tions over the entire vocabulary at each generated position.
While full-vocabulary supervision provides richer feedback,
it is memory-intensive for modern reasoning distillation
with long trajectories and multiple rollouts (Table 10). A
lightweight alternative is to evaluate the teacher only on the
token sampled by the student, which has become widely
used in recent OPD work (Lu et al., 2025; Xiao et al., 2026;
Yang et al., 2026). We also provide detailed related work in
Appendix A and empirical comparisons with full-vocabulary
OPD and their corresponding Top-K approximations in Ta-
ble 10.

2.2. Diagnosing Credit Misallocation in Sampled-Token
OPD

Sampled-token OPD provides teacher feedback only on to-
kens sampled by the student, but standard objectives (Eq.
1) aggregate these credits uniformly across samples. This
treats all sampled tokens as equally useful supervision tar-
gets, despite many credits being uninformative, redundant,
or extreme. Because token-level credits are highly skewed
in practice, this uniform allocation creates two finite-sample
failure modes.

Most token credits are redundant. As shown in Figure 1,
the sampled-token credit distribution has a large mass near
zero. These credits occur when the teacher and student
assign similar probability to the sampled token, yielding
little corrective signal. While such tokens are not harm-
ful individually, uniform aggregation makes them consume
normalization mass and mini-batch budget that could be
allocated to more informative tokens. As a result, many
updates are diluted by nearly inactive credits, reducing the
effective learning signal obtained from each sampled batch.

2



Title Suppressed Due to Excessive Size

Table 1. Update-energy (Eq. 2)
in negative-credit tails.

Bottom Math Visual

∼1% 95.9% 97.8%
∼5% 97.1% 98.6%
∼10% 98.4% 99.5%

Table 2. Retention (Eq. 3) on
base samples during training.

Step (k) Math Visual

0 -1.583 -1.427
10 -2.554 -2.315
300 -2.841 -2.741

A few negative credits dominate the update. The more
severe failure mode arises from the negative tail of the credit
distribution. As shown in Figure 1, when the student sam-
ples a token that the teacher assigns very low probability, the
credit Ri,t(θ) can become highly negative. Although this
tail accounts for only a small fraction of sampled positions,
its large magnitude can dominate optimization. To measure
this concentration, we compute a logit-level update-energy
proxy,

Ei,t(θ) = Ri,t(θ)
2
(
1− ∥πθ(· | q, oi,<t)∥22

)
, (2)

which serves as an expected logit-level proxy for the squared
gradient and allows us to decompose update energy by credit
quantile. This proxy assumes stop-gradient through Ri,t,
replacing the token-specific score norm by its expectation
1−∥πθ∥22; see Appendix B.2 for the derivation. We find that
the bottom 1% most negative credits account for over 95%
of the total update energy in early standard OPD training
(Table 1).

This concentration is harmful because negative credit di-
rectly suppresses the probability of sampled tokens (Wu
et al., 2025; Ko et al., 2025a). In autoregressive models,
suppressing an intermediate token can also disrupt the sub-
sequent reasoning path conditioned on it. Thus, standard
OPD may reduce support for trajectories that are locally
disfavored by the teacher but still useful for exploration. We
therefore use a base-policy retention diagnostic to measure
how much support later checkpoints assign to trajectories
sampled from the initial student πθ0 :

Ret(k) = Eq,o∼πθ0

[
1

|o|
∑
t

log πθk(ot|q, o<t)

]
. (3)

Lower values mean that the current policy assigns less prob-
ability to trajectories originally generated by the base policy.
Standard OPD rapidly reduces this support: within the first
10 steps, retention decreases from -1.58 and -1.43 to -2.55
and -2.32 (Table 2), corresponding to about 40% of the ini-
tial token-level likelihood. Together with the update-energy
concentration and entropy collapse in Figure 3, this suggests
rapid policy concentration under standard OPD.

Useful teacher signal is student-conditioned. These ob-
servations show that teacher feedback is not uniformly use-
ful across sampled tokens. Near-zero credits provide little

corrective signal, while rare large negative credits may cap-
ture real teacher-student disagreement but destabilize opti-
mization at full strength. The bottleneck in standard OPD
is therefore credit allocation: which sampled-token credits
to use, how strongly to apply them, and when to change the
allocation rule during training.

3. REOPOLD: Relaxed On-Policy Distillation
via Selective Credit Allocation

The analysis in Section 2 motivates a selective credit allo-
cation view of OPD. Under this view, an objective should
decide where teacher feedback should be applied, how much
credit should be allowed to influence the update, and when
negative correction should be trusted. REOPOLD instanti-
ates these choices through entropy-guided token selection,
bounded negative credit, and an exploration-to-refinement
schedule. For each batch B sampled from the query set Q,
we maximize:

J REOPOLD(θ) = EB∼Q,q∼B, {oi}G
i=1∼πθold

(·|q) 1∑G
i=1

∑|oi|
t=1 M

(k)
i,t

G∑
i=1

|oi|∑
t=1

ρi,t(θ)R̂
λ
i,t(θ)M

(k)
i,t

 ,

(4)

where

R̂λ
i,t(θ) = max

(
sg (Ri,t(θ)) ,

log λ

1− λ

)
, (5)

M
(k)
i,t =

{
I
[
Ri,t(θ) ≥ log λ

1−λ

]
if k < Tswitch

I
[
Hi

t ≥ τβ
]

if k ≥ Tswitch

, (6)

The full training procedure is summarized in Algorithm 1.

3.1. Where to Allocate Credit: Entropy-Guided Token
Selection

The first axis of credit allocation concerns where teacher
feedback should be applied. Standard OPD allocates update
budget uniformly across all sampled tokens, even though
many near-zero credit tokens occur at low-entropy posi-
tions. As shown in Figure 2, these tokens are concentrated
in contexts where the student and teacher assign similar
probabilities to the sampled token, making additional correc-
tion largely redundant. The following elementary softmax
identity supports using entropy as a lightweight allocation
signal.
Remark 3.1. Let z ∈ R|V| be the logit vector over a finite
vocabulary V , and let p = softmax(z) be the categorical
distribution, with pv denoting the probability of token v ∈ V .
If y ∼ p, then

Ey∼p

[
∥∇z log py∥22

]
= 1− ∥p∥22 ≤ H(p), (7)

where py is the probability of the sampled token and H(p) =
−
∑

v∈V pv log pv .
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Figure 2. Correlation between token entropy and credit. Experi-
mental results on math reasoning and visual reasoning benchmarks
demonstrate that credits in the bottom 60th entropy percentile are
heavily concentrated around zero. This suggests that while teacher
and student policies may diverge overall, they remain highly consis-
tent on low-entropy, deterministic tokens, with significant deviations
occurring primarily in high-entropy regimes.
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Figure 3. Analysis of exploration-to-refinement scheduling.
(Left) The proposed multi-stage approach prevents entropy col-
lapse and preserves diverse modes during the initial exploration
phase by masking strongly negative credits, whereas the baseline
suffers from rapid entropy collapse. (Right) The multi-stage strat-
egy (solid lines) achieves superior final performance to the baseline
(dashed lines) in both quality (i.e., Avg@32) and diversity (i.e.,
Pass@32).

Applied to p = πθ(·|x) at context x = (q, o<t), ∇z log py
is the logit-level score of the sampled token, which captures
how much a token-level likelihood update can locally redis-
tribute probability mass (Williams, 1992; Kakade, 2001).
Remark 3.1 shows that entropy upper-bounds the expected
squared score norm, which captures local update leverage
in logit space; the derivation is given in Appendix B.3. The
teacher credit provides the direction and magnitude of super-
vision, while student entropy indicates whether the student
distribution at that position remains plastic enough for this
signal to induce a meaningful redistribution.

Motivated by this, we use student entropy as a lightweight
allocation signal. For each sampled token oi,t, let Hi

t denote
the entropy of the student’s policy πθ(·|q, oi,<t). We define
a token-level allocation mask

M ent
i,t = I

[
Hi

t ≥ τβ
]
, (8)

where τβ is chosen so that M ent
i,t selects the top-β fraction of

token entropies within the batch. This mask selects positions
where the student remains uncertain, rather than uniformly
accepting teacher credit at every sampled token. Integrating
this mask into the sampled-token objective gives

JEnt(θ) =EB∼Q,q∼B,{oi}G
i=1∼πθold

(·|q)[∑G
i=1

∑|oi|
t=1 ρi,t(θ)Ri,t(θ)M

ent
i,t∑G

i=1

∑|oi|
t=1 M

ent
i,t

]
.

(9)

This creates a dynamic token batch whose effective size
is determined by the student’s uncertainty rather than se-
quence length. By filtering out low-entropy, near-zero-credit
tokens, entropy-guided allocation reduces gradient dilution
and concentrates update budget on positions where teacher
feedback is most likely to be useful. Empirically, the sen-
sitivity analysis in Figure 4 confirms that stricter entropy
selection accelerates convergence and improves final accu-
racy, supporting the view that selective allocation of teacher
credit is more effective than uniform token-level imitation.

3.2. How Much Credit to Use: Bounded Negative Credit

The second allocation axis controls how strongly the student
should absorb negative teacher feedback. If the student
samples a token with negligible teacher probability, the log-
ratio credit can become extremely negative and dominate
the update. We bound this tail using a mixture relaxation
of the teacher and student distributions. For λ ∈ [0, 1),
Jensen’s inequality gives

Ri,t(θ) = log
πT

πθ
≤ 1

1− λ
log

(1− λ) · πT + λπθ

πθ
.

The key insight comes from the asymptotic behavior of
the relaxed term; detailed derivation is provided in Ap-
pendix B.4. While the original credit Ri,t(θ) diverges to
−∞ as πT (oi,t|q, oi,<t) → 0, the relaxed expression con-
verges to cλ = log λ

1−λ . We use this limiting value as a stable
finite penalty motivated by the mixture-relaxed bound, and
apply it as a clipping floor for heavy-tailed negative credits:

R̂λ
i,t(θ) = max (Ri,t(θ), cλ) . (10)

In the credit allocation view, this operation decides how
much a single negative teacher signal is allowed to influence
the student. It preserves the objective for ordinary tokens,
while preventing rare teacher-student mismatches from con-
suming disproportionate update budget. Unlike Skew RKL
(Ko et al., 2024), which changes the full objective and is
sensitive to λ, this rule only targets outlying negative credits,
yielding the robustness shown in Figure 5.

3.3. When to Change Allocation:
Exploration-to-Refinement Scheduling

The third allocation axis controls when different teacher
credits should be accepted. The usefulness of teacher feed-
back changes over training: early updates should preserve
plausible student trajectories, while later updates should
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Table 3. Performance comparison of vision-language models on visual reasoning and perception benchmarks. Accuracy (%) is reported
for all benchmarks. The best result in each column is shown in bold, and the second-best is underlined. ‡ denotes results obtained with
the Top-5 approximation, as the full-vocabulary implementation incurs memory issues. Our reproduced OPD results are reported as mean
± standard deviation over 5 runs.

Model Geo3K MathVerse MathVision MathVista WeMath Hallusion AVG.

Qwen2.5-VL-32B-Instruct + NoisyRollout 56.74 58.86 39.82 78.30 75.51 72.45 63.61

Qwen2.5-VL-32B-Instruct + NoisyRollout (Liu et al., 2025b) → Qwen2.5-VL-3B-Instruct

Qwen2.5-VL-3B-Instruct 26.46±1.58 35.58±0.44 22.83±0.66 59.40±0.49 53.41±0.41 61.51±0.39 43.20±0.54

+ PAPO (Wang et al., 2025) 32.95 40.65 24.16 65.10 63.62 61.62 48.02
+ Standard OPD (Lu et al., 2025) 48.09±0.39 33.25±0.41 24.78±0.62 62.50±0.56 64.48±0.43 60.83±0.38 48.99±0.34

+ REOPOLD 50.58±0.64 46.40±0.40 26.39±0.38 61.50±0.45 64.60±0.23 63.62±0.21 52.18±0.21

Qwen2.5-VL-32B-Instruct + NoisyRollout (Liu et al., 2025b) → Qwen2.5-VL-7B-Instruct

Qwen2.5-VL-7B-Instruct 39.77±1.33 45.72±0.69 25.05±0.68 67.80±0.45 64.77±0.53 65.62±1.39 51.46±0.13

+ GRPO (Shao et al., 2024) 51.4 50.8 27.3 70.5 67.4 69.8 56.20
+ NoisyRollout (Liu et al., 2025b) 50.08 53.14 26.64 72.00 70.57 70.66 57.18
+ Standard OPD (Lu et al., 2025) 51.75±0.40 47.71±0.61 28.79±0.32 71.27±0.68 70.06±0.64 69.51±1.29 56.51±0.19

+ GKD‡ (Agarwal et al., 2024) 52.07±0.84 48.31±0.47 27.98±0.53 70.89±0.36 69.34±0.41 69.75±1.13 56.39±0.24

+ REOPOLD 53.58±0.71 51.43±0.46 29.21±0.49 72.40±0.68 69.77±0.24 70.14±0.86 57.76±0.31

refine unresolved token decisions. We implement this tem-
poral control through a token-wise allocation mask:

JREOPOLD(θ) =EB∼Q,q∼B,{oi}G
i=1∼πθold

(·|q)[∑G
i=1

∑|oi|
t=1 ρi,t(θ)R̂

λ
i,t(θ)M

(k)
i,t∑G

i=1

∑|oi|
t=1 M

(k)
i,t

]
.

(11)

Here, M (k)
i,t determines which token credits are accepted

at training step k. By changing this mask over time, RE-
OPOLD uses different allocation rules for exploration and
refinement.

Exploration phase. The goal of the early phase is to pre-
serve exploration while avoiding destructive teacher correc-
tions. For k < Tswitch, REOPOLD keeps dense supervision
but filters out excessively negative credits:

M
(k)
i,t = I

[
Ri,t(θ) ≥

log λ

1− λ

]
. (12)

This mask rejects only credits whose negative magnitude ex-
ceeds the bounded-credit threshold in Section 3.2, delaying
overly aggressive correction that could prematurely prune
candidate reasoning paths. As shown in Figure 3, the first
phase improves both Avg@32 and Pass@32, suggesting that
bounded negative correction preserves useful exploration
rather than merely slowing optimization.

Refinement phase. The goal of the later phase is to
concentrate update budget on unresolved decisions. For
k ≥ Tswitch, REOPOLD switches to the entropy-guided allo-
cation rule from Section 3.1:

M
(k)
i,t = I

[
Hi

t ≥ τβ
]
. (13)

This mask selects high-entropy positions where the student
remains uncertain and teacher feedback is more actionable.
Thus, the schedule first preserves exploratory support and

then refines uncertain token decisions. Empirically, Figure 3
shows that this transition further improves Avg@32 while
maintaining the diversity gains reflected by Pass@32.

4. Main Results: Visual Reasoning
We present the primary evaluation results on visual reason-
ing tasks below. Please refer to Appendix E for additional
ablation studies and detailed discussions. We further pro-
vide experimental results on mathematical reasoning with
multiple teacher-student pairs including cross-vocabulary
setups (Appendix F) and agentic reasoning with visual tool-
use (Appendix G).

Setup. We adopt Qwen2.5-VL-3/7B-Instruct (Bai et al.,
2025) as the student policy and Qwen2.5-VL-32B-Instruct,
trained with NoisyRollout (Liu et al., 2025b), as the teacher.
We train the student model on Geometry3K (Lu et al., 2021),
which focuses on geometric problem solving and comprises
approximately 2.1K training samples. Following the pro-
tocol of Liu et al. (2025b), we pre-process this dataset by
converting all multiple-choice questions into free-form an-
swer formats to mitigate reward hacking and reduce the
likelihood of answer guessing. Detailed training setup is
described in Appendix D.

Evaluation. We assess across six benchmarks: five visual
reasoning benchmarks, including test split of Geometry3K,
MathVerse (Zhang et al., 2024a), MathVision (Wang et al.,
2024), MathVista (Lu et al., 2023), and WeMath (Qiao et al.,
2025), as well as one visual perception benchmark, Hallu-
sionBench (Guan et al., 2024). By following the evaluation
protocol of Liu et al. (2025b), we employ greedy sampling
and nucleus sampling (Holtzman et al., 2020) with a tem-
perature of 0.6 and a top-p of 0.95 for model inference and
use Gemini-2.0-Flash-001 (Team et al., 2023) as the judge
model to parse generated responses.
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Table 4. Performance comparison of Qwen2.5-VL-3/7B-Instruct
trained with 32B teacher models on visual reasoning benchmarks.
Accuracy (%) is reported for all benchmarks.

(1) (2) (3) Geo3K Verse Vision AVG.

Qwen2.5-VL-3B-Instruct

Standard OPD 48.09 33.25 24.78 35.37

✓ 48.59 45.53 25.07 39.73
✓ ✓ 50.08 45.94 26.42 40.81

REOPOLD ✓ ✓ ✓ 50.58 46.40 26.39 41.12

Qwen2.5-VL-7B-Instruct

Standard OPD 51.75 47.71 28.79 42.75

✓ 51.75 51.45 29.05 44.08
✓ ✓ 52.75 51.42 29.10 44.42

REOPOLD ✓ ✓ ✓ 53.58 51.43 29.21 44.74
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Figure 4. Comparison among REOPOLD using different entropy-
selection fractions. Our token selection accelerates convergence
and leads to superior final accuracy.

Result 1: Efficacy on compact models. As shown in
Table 3, REOPOLD achieves superior overall performance
compared to standard OPD, GKD (Agarwal et al., 2024),
and RL baselines across visual reasoning and perception
benchmarks for both 3B and 7B models. REOPOLD also
surpasses specialized perception algorithms like NoisyRoll-
out (7B) and PAPO ((Wang et al., 2025); 3B). The Top-K
study in Appendix E further confirms that REOPOLD ex-
tends beyond sampled-token supervision by outperforming
Top-5 approximated full-vocabulary OPD methods. This
highlights its robustness for compact models: by selectively
applying teacher credits, REOPOLD avoids unnecessary
imitation that can be harmful in low-capacity regimes.

Result 2: Impact of module design. Table 4 validates
the three axes of selective credit allocation: (1) bounded
negative credit (2) entropy-guided token selection, and (3)
exploration-to-refinement scheduling. Each component im-
proves over standard OPD by addressing a distinct allocation
failure: overly large negative credits, redundant low-entropy
tokens, and the changing usefulness of teacher feedback
over training. Combining all three achieves the best average
performance for both 3B and 7B students. Consistently, Fig-
ure 4 shows that stricter high-entropy token selection (e.g.,
β = 0.2 or β = 0.5) accelerates convergence and improves
final accuracy, supporting the view that filtering redundant
low-entropy tokens mitigates gradient dilution. We refer
the reader to Figure 5 and Figure 3 for extended analyses
on bounded negative credit and exploration-to-refinement
scheduling.

Result 3: Extension to self-distillation. We further test
whether selective credit allocation extends to on-policy
self-distillation (OPSD). In OPSD, the same model serves
as both teacher and student: the teacher policy is condi-
tioned on privileged information, such as ground-truth so-
lutions, while the student policy observes only the original
prompt (Zhao et al., 2026; Shenfeld et al., 2026). Apply-

Table 5. Performance comparison of Qwen2.5-VL-3/7B-Instruct
trained by OPSD (Zhao et al., 2026) on visual reasoning bench-
marks. Accuracy (%) is reported for all benchmarks.

Geo3K Verse Vision Vista AVG.

Qwen2.5-VL-3B-Instruct

OPSD 44.27 41.94 24.16 61.75 43.03
Relaxed OPSD 49.82 45.14 25.71 61.82 45.62

Qwen2.5-VL-7B-Instruct

OPSD 50.72 49.41 28.22 70.33 49.67
Relaxed OPSD 51.82 50.43 29.07 70.84 50.54

ing our selective credit allocation strategy to OPSD yields
Relaxed OPSD. As shown in Table 5, Relaxed OPSD con-
sistently improves average accuracy over OPSD for both
Qwen2.5-VL-3B-Instruct (43.03 to 45.62) and Qwen2.5-
VL-7B-Instruct (49.67 to 50.54). This shows that selective
credit allocation is not limited to external-teacher distilla-
tion, but also stabilizes privileged self-distillation.

5. Conclusion
We studied sampled-token OPD through the lens of selec-
tive credit allocation. Standard OPD applies teacher credits
uniformly despite their imbalanced structure, causing in-
efficient updates and premature suppression of useful rea-
soning paths. To address this, we introduced REOPOLD,
a unified framework that regulates teacher feedback along
three axes: entropy-guided token selection focuses supervi-
sion on uncertain decisions, bounded negative credit con-
trols update magnitude, and an exploration-to-refinement
schedule changes the allocation rule over training. Empiri-
cally, REOPOLD improves OPD across mathematical, visual,
and agentic tool-use reasoning, and remains effective under
cross-vocabulary distillation, self-distillation, longer train-
ing, and test-time scaling. These results suggest selective
credit allocation is a practical principle for robust reasoning
distillation in compact models.
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A. Related Work
Reasoning models. Reasoning models represent a distinct class of machine learning systems designed to execute structured,
logical, and multi-step inference over input queries (Creswell et al., 2022; Huang & Chang, 2023; Chen et al., 2025b).
In contrast to standard predictive models that rely on direct input-to-output mapping, reasoning models emulate human
cognitive processes by integrating learned knowledge with stepwise deduction (Creswell et al., 2022), chain-of-thought
processing (Wei et al., 2022), or symbolic manipulation (Weng et al., 2024). These capabilities are essential for tasks
involving complex problem-solving (Wang et al., 2023; Giadikiaroglou et al., 2024), question answering (Zhang et al.,
2024b; Santana et al., 2025), planning (Yao et al., 2023a; Hao et al., 2023), and commonsense inference (Rajani et al., 2019;
Zhao et al., 2023), where a single forward pass is often insufficient. Recent advancements have increasingly integrated
reasoning into LLMs and neuro-symbolic architectures (Li et al., 2024; Calanzone et al., 2025). This integration allows
models to decompose complex problems into intermediate steps, verify logical consistency (Calanzone et al., 2025), and
generate interpretable solutions (Barbiero et al., 2023; Yao et al., 2023b). Fundamentally, reasoning models ensure that
outputs are both accurate and justifiable, emphasizing the rationale behind a decision as much as the decision itself.

Policy optimization for reasoning models. Recent advancements in policy optimization focus on enhancing the sample
efficiency, stability, and reasoning depth of LLMs. While initial approaches relied on standard outcome-based RL, recent
works demonstrate that scaling RL on smaller architectures, as seen in DeepScaleR (Luo et al., 2025) and Skywork
OpenReasoner (He et al., 2025a), can achieve performance rivaling proprietary frontiers like OpenAI-o1. To improve
algorithmic stability beyond basic group-relative updates, GSPO (Zheng et al., 2025) introduces step-level granularity
for precise credit assignment, whereas GMPO (Zhao et al., 2025) adopts a group-wise minimax formulation to bolster
robustness against distribution shifts. Extending this to hybrid training objectives, KDRL (Xu et al., 2025b) proposes
a unified framework that synergizes knowledge distillation with RL, effectively balancing teacher supervision and self-
exploration. Addressing the critical balance between exploration and exploitation, the Entropy Mechanism (Cui et al.,
2025) dynamically regulates policy entropy to prevent premature convergence, while LUFFY (Yan et al., 2025) improve
optimization efficiency by effectively leveraging diverse, off-policy trajectories. Furthermore, emphasizing the generation
of extended reasoning chains, ProRL (Liu et al., 2025a) explicitly incentivizes prolonged thought process to expand the
models’ reasoning boundaries, a capability that underpins state-of-the-art large-scale systems such as MiniMax-M1 (Chen
et al., 2025a).

On-policy distillation for reasoning models. Traditional knowledge distillation typically relies on offline datasets
generated by a teacher model, which creates a distribution mismatch as the student’s policy drifts from the static training
data (Ho et al., 2023; Hsieh et al., 2023; Ko et al., 2025b). To bridge this gap, on-policy distillation aligns the student
with the teacher’s distribution by training on trajectories sampled directly from the student’s current policy (Gu et al.,
2024; Agarwal et al., 2024; Ko et al., 2024). This paradigm is particularly critical for reasoning tasks, where models must
learn to recover from their own logical errors rather than merely mimicking perfect teacher paths (Lu et al., 2025; Patiño
et al., 2025). Recently, there has been a growing movement to adapt on-policy distillation for reasoning tasks. Frontier
models like Qwen3 (Yang et al., 2025) utilize iterative on-policy feedback to refine long-chain reasoning capabilities, while
MiMo-V2-Flash (Xiao et al., 2026) demonstrates that such methods achieve superior compute-efficiency by targeting
”hard” examples where the student’s confidence diverges from the teacher. Furthermore, self-distillation (Zhao et al., 2026;
Shenfeld et al., 2026), where the same model serves as both teacher and student and the teacher policy is conditioned on
privileged information such as the ground-truth solution, has recently gained popularity.

12
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B. Mathematical Derivations
B.1. A Fixed-credit View

The teacher-derived token credit Ri,t(θ) depends on θ, since it contains the student probability in the denominator. Following
the stop-gradient formulation, we treat this credit as a fixed teacher-derived signal during each update. Let J sg

RKL denote the
corresponding objective. Then, the expected gradient satisfies

∇θJRKL(θ) = ∇θJ sg
RKL(θ) = E

 1∑
i |oi|

∑
i,t

ρi,t(θ)Ri,t(θ)∇θ log πθ(oi,t|q, oi,<t)

 . (14)

We derive the gradient of RKL. From Eq. 1, the RKL objective and its gradient are:

JRKL(θ) = Eq∼Q,o∼πθold (·|q)

 1

|o|

|o|∑
t=1

ρt(θ)Rt(θ)

 , (15)

where ρt(θ) =
πθ(ot|q,o<t)
πθold (ot|q,o<t)

and Rt(θ) = log πT (ot|q,o<t)
πθ(ot|q,o<t)

. Then following holds,

∇θJRKL(θ) = Eq∼Q,o∼πθold (·|q)

 1

|o|

|o|∑
t=1

ρt(θ)∇θRt(θ) +Rt(θ)∇θρt(θ)

 ,

= Eq∼Q,o∼πθold (·|q)

 1

|o|

|o|∑
t=1

ρt(θ)Rt(θ)∇θ log πθ(ot|q, o<t)

− Eq∼Q,o∼πθold (·|q)

 1

|o|

|o|∑
t=1

∇θπθ(ot|q, o<t)

πθold(ot|q, o<t)

 ,

= Eq∼Q,o∼πθold (·|q)

 1

|o|

|o|∑
t=1

ρt(θ)Rt(θ)∇θ log πθ(ot|q, o<t)

−∇θEq∼Q,o∼πθold (·|q)

 1

|o|

|o|∑
t=1

πθ(ot|q, o<t)

πθold(ot|q, o<t)

 ,

= Eq∼Q,o∼πθold (·|q)

 1

|o|

|o|∑
t=1

ρt(θ)Rt(θ)∇θ log πθ(ot|q, o<t)


−∇θEq∼Q,o∼πθ(·|q)

 1

|o|

|o|∑
t=1

πθ(ot|q, o<t)

πθold(ot|q, o<t)
· πθold(ot|q, o<t)

πθ(ot|q, o<t)

 ,

= Eq∼Q,o∼πθold (·|q)

 1

|o|

|o|∑
t=1

ρt(θ)Rt(θ)∇θ log πθ(ot|q, o<t)

−∇θEq∼Q,o∼πθ(·|q)

 1

|o|

|o|∑
t=1

1

 ,

= Eq∼Q,o∼πθold (·|q)

 1

|o|

|o|∑
t=1

ρt(θ)Rt(θ)∇θ log πθ(ot|q, o<t)



This justifies treating Rt as a fixed token-level credit within each update. The fixed-credit view separates how teacher credit
is computed from how the resulting sampled-token credits are allocated during optimization. Our work focuses on the latter:
standard RKL allocates update budget uniformly across sampled tokens, regardless of whether their credits are informative,
redundant, or extreme.

B.2. Logit-Level Update-Energy Proxy

Let pθ(· | x) = πθ(· | q, o<t) denote the student distribution at context x = (q, o<t), and let y = ot be the sampled token.
For a sampled-token objective with scalar credit Ri,t(θ), the token-level likelihood-ratio update with respect to the logits z
is proportional to

gi,t = Ri,t(θ)∇z log pθ(y | x).

13
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For a softmax distribution, we have
∇z log pθ(y | x) = ey − pθ(· | x),

where ey is the one-hot vector of the sampled token. Therefore,

∥gi,t∥22 = Ri,t(θ)
2∥ey − pθ(· | x)∥22.

Taking expectation over y ∼ pθ(· | x) gives

Ey∼pθ

[
∥ey − pθ(· | x)∥22

]
= 1− ∥pθ(· | x)∥22.

Thus, the expected squared logit-level update induced by token credit Ri,t(θ) is

Ey∼pθ

[
∥gi,t∥22

]
= Ri,t(θ)

2
(
1− ∥pθ(· | x)∥22

)
.

This motivates the update-energy proxy used in Section 2:

Ei,t(θ) = Ri,t(θ)
2
(
1− ∥πθ(· | q, oi,<t)∥22

)
.

B.3. Softmax Score Magnitude

We prove Remark 3.1. Let p = softmax(z) over vocabulary V , and denote by ey the one-hot vector for token y. For each
coordinate v ∈ V ,

∂

∂zv
log py = I[v = y]− pv,

and therefore ∇z log py = ey − p. Taking expectation over y ∼ p gives

Ey∼p

[
∥∇z log py∥22

]
=

∑
y∈V

py∥ey − p∥22

=
∑
y∈V

py
(
1− 2py + ∥p∥22

)
= 1− ∥p∥22.

Finally, since − log u ≥ 1− u for u ∈ (0, 1], we have −pv log pv ≥ pv(1− pv) for every v with pv > 0. Summing over v
and using continuity at pv = 0 yields

H(p) = −
∑
v∈V

pv log pv ≥
∑
v∈V

pv(1− pv) = 1− ∥p∥22.

B.4. Derivation of Bounded Threshold

Here, we derive the relationship between the standard log-likelihood ratio and the convex mixture ratio used to motivate our
clipping threshold. Since the logarithm is a concave function, for ∀λ ∈ [0, 1), Jensen’s inequality implies:

(1− λ) · log πT (ot|q, o<t) + λ · log πθ(ot|q, o<t) ≤ log [(1− λ) · πT (ot|q, o<t) + λ · πθ(ot|q, o<t)] . (16)

To isolate the log-likelihood ratio Ri,t(θ) = log πT (ot|q,o<t)
πθ(ot|q,o<t)

, we subtract log πθ(ot|q, o<t) from both sides and divide by
(1− λ):

Ri,t(θ) = log
πT (ot|q, o<t)

πθ(ot|q, o<t)
≤ 1

1− λ
log

(1− λ)πT (ot|q, o<t) + λπθ(ot|q, o<t)

πθ(ot|q, o<t)
. (17)

This inequality upper-bounds the log-ratio between the teacher and student policies by the log-ratio induced by a convex
mixture of the two.
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Figure 5. Sensitivity analysis of λ.

Comparison to Skew RKL (Ko et al., 2024). Although the RHS of Eq. (16)
is identical to skew RKL (Ko et al., 2024), our approach differs in application by
using the bound log λ

1−λ strictly as a clipping threshold rather than modifying the
global objective. Figure 5 demonstrates that while Skew RKL is highly sensitive to
λ (e.g., dropping significantly at λ = 0.7), our method remains robust. Remarkably,
our lowest accuracy surpasses even the peak performance of Skew RKL. This
confirms that selectively clipping heavy-tailed outliers stabilizes training more
effectively than altering the global divergence.
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C. Full Algorithm
Here, we provide the algorithm for REOPOLD in Algorithm 1.

Algorithm 1 REOPOLD

1: Input: student policy πθ, teacher policy πT , query set Q
2: Hyperparameters: total steps K, switch step Tswitch, bounding coefficient λ, top-entropy fraction β, learning rate η
3: Output: trained student model πθ

4: Initialize θold ← θ
5: for k = 1 to K do
6: Sample a batch of queries B ∼ Q
7: Generate {oi}Gi=1 ∼ πθold(· | q) for each q ∈ B
8: Compute Ri,t(θ)← log

πT (oi,t|q,oi,<t)
πθ(oi,t|q,oi,<t)

9: Clip R̂λ
i,t(θ)← max

(
sg(Ri,t(θ)),

log λ
1−λ

)
▷ Eq. (10)

10: if k < Tswitch then
11: Phase I: Exploration (Credit-based Filtering)
12: Set mask M

(k)
i,t ← I

[
Ri,t(θ) ≥ log λ

1−λ

]
▷ Eq. (12)

13: else
14: Phase II: Refinement (Entropy-Guided Credit Allocation)
15: Compute entropy Hi

t for each token oi,t in batch
16: Compute τβ as the (1− β)-quantile of {Hi

t}
17: Set mask M

(k)
i,t ← I

[
Hi

t ≥ τβ
]

▷ Eq. (13)
18: end if
19: Compute gradients ∇θJREOPOLD using Eq. (4)
20: Update parameters θ ← θ + η∇θJREOPOLD

21: Update old policy parameters θold ← θ
22: end for

16
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D. Detailed Experimental Setup

Table 6. Hyperparameter values used in REOPOLD experiments in Section 4,
Appendix F, and Appendix G.

Math (Section F) Visual (Section 4) Agentic (Section G)

Model Size 1.5B 7B 3B 7B 3B

Total step K 300 200 60 60 40
Learning rate η 1× 10−5 3× 10−6 5× 10−6 5× 10−6 1× 10−6

Clipping coefficient λ 0.3 0.3 0.3 0.3 0.3
Top-entropy fraction β 0.2 0.2 0.2 0.2 0.4
Switch step Tswitch 100 50 20 20 10

We list the hyperparameter values for each
setting in Table 6. Sensitivity analyses for
the additive hyperparameters λ and β are pre-
sented in Figure 5 and Figure 4, respectively.
Regarding the switch step Tswitch introduced
in Section 3.3, we did not perform specific
hyperparameter tuning; instead, it was set to
approximately 1/3 of the total training steps.
For K and η, we adopted the same values as
our baselines, where η was determined via
hyperparameter tuning based on vanilla RKL results.

Math reasoning. We employ Verl (Sheng et al., 2025) for OPD. During rollout, we sample n = 8 responses per prompt
with a maximum response length of 8192 and a sampling temperature of 1.0. The global batch size is set to 128 with a
mini-batch size of 32, resulting in 4 gradient updates per rollout step. The student policy is trained for 300 iterations. We
utilize the AdamW optimizer (Loshchilov & Hutter, 2019) with a constant learning rate of 1× 10−5. All training runs are
conducted on a single node equipped with 8× NVIDIA H100 80GB GPUs, requiring approximately 200 and 312 GPU
hours for the 1.5B and 7B models, respectively. For evaluation, we use maximum response length of 32768 and a sampling
temperature of 0.6 and top-p of 0.95. Our evaluation protocol follows the setup established by Qwen2.5-Math (Yang et al.,
2024) by using Verl (Sheng et al., 2025) for implementation. We employ training1 and evaluation2 data from LUFFY (Yan
et al., 2025).

Visual reasoning. For visual tasks, we conduct OPD using Verl (Sheng et al., 2025). We generate n = 12 responses for
each prompt, enforcing a maximum response length of 2048 and a sampling temperature of 1.0. Following the protocol in
Liu et al. (2025b), the models are trained for 60 iterations with a batch size of 128 and a mini-batch size of 64 (equating to
2 gradient updates per step). Optimization is performed via AdamW (Loshchilov & Hutter, 2019) with a learning rate of
5× 10−6. Using the same hardware setup (a single 8× NVIDIA H100 node), the training takes roughly 20 and 24 GPU
hours for the 3B and 7B models. For evaluation, we use maximum response length of 8192 and a sampling temperature
of 0.6 and top-p of 0.95 for nucleus sampling. We utilize the training3 and evaluation4 data from NoisyRollout (Liu et al.,
2025b).

Agentic reasoning with visual tool-use. We implement OPD and RL based on the VerlTool framework (Jiang et al.,
2025). For rollout, the policy samples n = 8 trajectories per prompt with a maximum response length of 8192 and a
temperature of 1.0. We set the maximum round for 2. We maintain a batch size of 128 and a mini-batch size of 64,
corresponding to 2 gradient updates per rollout step. The student policy undergoes training for 40 iterations using the
AdamW optimizer (Loshchilov & Hutter, 2019) with a constant learning rate of 1× 10−6. The entire process consumes
approximately 120 GPU hours on a single node with 8× NVIDIA H100 80GB GPUs. Following Su et al. (2025), we set the
maximum round for 5, maximum response length of 8192, sampling temperature of 1.0, and top-p of 1.0. For training, we
utilize the PixelReasoner-RL dataset5. For evaluation, we employ the InfoVQA6, TallyQA7, and VStar8 datasets provided
by the PixelReasoner (Su et al., 2025).

1https://huggingface.co/datasets/Elliott/Openr1-Math-46k-8192
2https://github.com/ElliottYan/LUFFY/blob/main/data/valid.parquet
3https://huggingface.co/datasets/xyliu6/geometry3k
4https://huggingface.co/datasets/xyliu6/noisyrollout_evaluation_data
5https://huggingface.co/datasets/TIGER-Lab/PixelReasoner-RL-Data
6https://huggingface.co/datasets/JasperHaozhe/InfoVQA-EvalData-PixelReasoner
7https://huggingface.co/datasets/JasperHaozhe/TallyQA-EvalData-PixelReasoner
8https://huggingface.co/datasets/JasperHaozhe/VStar-EvalData-PixelReasoner
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Figure 6. Performance of REOPOLD. (a) Sample Efficiency: REOPOLD achieves a state-of-the-art trade-off between accuracy and
sample efficiency on the AIME-25 benchmark. Detailed explanation can be found in Section F. (b) Test-time Scaling: On visual reasoning
tasks, REOPOLD demonstrates superior test-time scaling capabilities compared to the standard OPD baseline. Notably, it allows smaller
models to approach the performance of the 32B teacher. Detailed explanation can be found in Section 4.

Table 7. Performance comparison of
Qwen2.5-VL-3B-Instruct trained with vari-
ous teacher models on a visual reasoning and
perception benchmarks. Accuracy (%) is re-
ported for all benchmarks.

RKL REOPOLD ∆%

Qwen2.5-VL-7B-Instruct + NoisyRollout

Geo3K 49.75 51.41 +1.66
MathVerse 41.66 44.27 +2.61
MathVision 23.33 24.01 +0.68
MathVista 62.20 63.10 +0.90
WeMath 64.83 65.66 +0.83
Hallusion 61.30 62.67 +1.37

AVG. 50.51 51.85 +1.34

Qwen2.5-VL-32B-Instruct + NoisyRollout‡

Geo3K 43.93 45.76 +1.83
MathVerse 41.99 43.22 +1.23
MathVision 25.13 25.79 +0.66
MathVista 63.60 64.20 +0.60
WeMath 64.02 64.66 +0.64
Hallusion 63.72 64.35 +0.63

AVG. 50.40 51.33 +0.93

Table 8. Performance comparison of
Qwen2.5-VL-3B-Instruct trained for 60 and
300 training steps on a visual reasoning and
perception benchmarks. Accuracy (%) is re-
ported for all benchmarks.

RKL REOPOLD ∆%

60 Training Steps (3B)

Geo3K 48.09 50.58 +2.06
MathVerse 33.25 46.40 +26.4
MathVision 24.78 26.39 +3.39
MathVista 62.50 61.50 -1.60
WeMath 64.48 64.60 +0.19
Hallusion 60.83 63.62 +4.59

AVG. 48.99 51.08 +4.27

300 Training Steps (3B)

Geo3K 49.08 51.08 +2.00
MathVerse 46.60 47.79 +1.19
MathVision 26.16 27.44 +1.28
MathVista 67.20 66.30 -0.90
WeMath 66.43 67.18 +0.75
Hallusion 65.19 66.35 +1.16

AVG. 53.44 54.36 +0.92

Table 9. Performance comparison of
Qwen2.5-VL-7B-Instruct trained for 60 and
300 training steps on a visual reasoning and
perception benchmarks. Accuracy (%) is re-
ported for all benchmarks.

RKL REOPOLD ∆%

60 Training Steps (7B)

Geo3K 51.75 53.58 +3.54
MathVerse 47.71 51.43 +7.80
MathVision 28.79 29.21 +1.46
MathVista 71.27 72.40 +1.59
WeMath 70.06 69.77 -0.41
Hallusion 69.51 70.14 +0.91

AVG. 56.51 57.76 +2.21

300 Training Steps (7B)

Geo3K 49.42 53.58 +4.16
MathVerse 50.72 51.97 +1.25
MathVision 29.74 31.12 +1.38
MathVista 71.20 73.60 +2.40
WeMath 69.43 71.84 +2.41
Hallusion 69.72 70.87 +1.15

AVG. 56.71 58.83 +2.12

E. Additional Analyses and Discussions
In this section, we provide comprehensive analyses to offer a deeper understanding of the inner workings and robustness
of REOPOLD. Unless otherwise specified, all experiments follow the visual reasoning evaluation protocols introduced in
Section 4.

Superior test-time scaling. We evaluate test-time scaling by measuring Pass@K as a function of parallel thinking latency
which is the average time to generate K responses per question. As shown in Figure 6(b), REOPOLD achieves stronger
scaling curves than standard OPD and the Qwen2.5-VL-32B teacher, reaching up to 3.32× higher inference efficiency in
terms of Pass@K. This gain comes from combining higher generation quality than standard OPD with the lower latency of
a compact student model. Extended Maj@K results in Figure 7 show the same trend across test-time scaling metrics.

Training on different teacher. We further evaluate our approach by distilling from different teacher models to assess
generalization. As detailed in Table 7, we utilize Qwen2.5-VL-7B-Instruct and 32B-Instruct models—fine-tuned on
Geometry3K and MMK12 respectively via NoisyRollout (Liu et al., 2025b)—as teachers. The results demonstrate the
consistent effectiveness of REOPOLD. Compared to the RKL baseline, our method yields uniform improvements across
all six benchmarks for both teacher settings. Specifically, we observe an average accuracy gain of 1.34% with the 7B
teacher and 0.93% with the 32B teacher. This confirms that REOPOLD is robust to variations in teacher architecture and
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Figure 7. Extended results of Figure 6(b). We visualize the accuracy (Pass@K and Maj@K) against inference latency as the sample
budget K increases (up to 64 for Geometry3K; 16 for MathVerse). REOPOLD (solid lines) consistently yields a better trade-off than
the RKL baseline (faded lines). Notably, the 7B student matches or beats the 32B teacher’s accuracy with significantly lower latency,
confirming the efficiency of our distillation.

domain-specific expertise, reliably enhancing the student’s visual reasoning and perception capabilities.

Scalability with longer training. We investigate the scalability of our approach by extending the training duration
to 300 steps and integrating both Geometry3K and MMK12 datasets for both Qwen2.5-VL-3B-Instruct (Table 8) and
Qwen2.5-VL-7B-Instruct (Table 9). As shown in Table 8 and Table 9, extending the training horizon yields performance
gains for both the baseline and our method, confirming the benefit of larger-scale training. While longer training generally
improves performance across the board, REOPOLD consistently demonstrates better scalability. It outperforms the RKL
baseline in both model sizes, achieving the highest average accuracy of 54.36% with the 3B model and 58.83% with the 7B
model. These results indicate that our method is capable of continuously refining its policy given more compute and data,
leading to robust improvements in both visual reasoning and perception tasks.

Extended test-time scaling results. We provide a comprehensive evaluation of the test-time scaling capabilities of
REOPOLD on Geometry3K (Lu et al., 2021) and MathVerse (Zhang et al., 2024a) benchmarks. Figure 7 demonstrates that
the superior scaling of REOPOLD is not limited to coverage metrics (Pass@K). Both the 3B and 7B models maintain a
consistent lead in Maj@K, a metric that measures consensus robustness. This confirms that our method fundamentally
increases the probability of correct reasoning chains, rather than merely generating over diverse “lucky guess” to boost
Pass@K.
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Generation Gradient Update Teacher Old

Figure 8. Breakdown of training wall-clock time per step.

Training time analysis. We analyze training wall-clock time
to quantify computational overhead as shown in Figure 8. Con-
trary to concerns about the teacher’s cost in on-policy distil-
lation, our breakdown reveals it accounts for only a moderate
fraction (8%–22%) of the total step. Crucially, this relative cost
is inversely proportional to generation length. In long-context
math tasks (8192 tokens), student generation dominates the run-
time (77.3%), rendering the teacher’s impact marginal (8.2%).
Even in shorter visual reasoning tasks (2048 tokens), where the
teacher’s share rises to 21.8%, the primary bottleneck remains
the student’s generation process rather than teacher supervision.
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Table 10. Comparison with full-vocabulary OPD and Top-K (K = 5)
approximations. Full-vocabulary GKD and DistiLLM (DLM) runs incur
OOM under our visual reasoning setup; therefore, we additionally report
Top-5 approximations.

GKD/DLM GKD† (Agarwal et al., 2024) DLM† (Ko et al., 2024) REOPOLD REOPOLD †

Geo3K OOM 51.85 52.68 53.58 53.41
MathVerse OOM 48.14 48.65 51.97 50.96
MathVision OOM 29.90 30.12 31.12 30.94
MathVista OOM 71.25 72.12 73.60 73.64
WeMath OOM 70.87 70.92 71.84 71.80
Hallusion OOM 70.21 70.37 70.87 71.52

AVG. OOM 57.04 57.48 58.83 58.71

Extension to Top-K OPD. We further com-
pare REOPOLD with GKD (Agarwal et al., 2024)
and DistiLLM (Ko et al., 2024) which are full-
vocabulary OPD. As shown in Table 10, both GKD
and DistiLLM with full vocabulary incur out-of-
memory (OOM) issue since they need to store the
value for 150K vocab size for both student and the
teacher models. To alleviate this cost, we apply the
commonly used Top-K (K = 5) approximation (Li
et al., 2026); however, this approximation is less
effective and yields lower efficiency than sampled-
token approaches. Nevertheless, under the same Top-5 setting, REOPOLD still outperforms Top-5 approximated GKD and
DistiLLM, showing that its gains are not limited to sampled-token training. Importantly, applying either full-vocabulary
scoring or the Top-5 approximation to REOPOLD does not bring meaningful improvement over sampled-token REOPOLD,
suggesting that the proposed credit allocation strategy is already sufficient without costly vocabulary-level approximation.
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Table 11. Performance comparison of REOPOLD and distillation baselines (SFT and standard OPD) on mathematical reasoning benchmarks
across different teacher models. Accuracy (%) is reported for all benchmarks. The best result in each column is shown in bold, and the
second-best is underlined. The results are reported as mean ± standard deviation over 5 runs.

Model AIME-24 AIME-25 AMC-23 MATH-500 Minerva Math Olympiad Bench AVG.

SkyWork-OR1-Math-7B (He et al., 2025a)→ DeepSeek-R1-Distill-Qwen-1.5B (Guo et al., 2025)

SkyWork-OR1-Math-7B 69.8 52.3 94.1 95.8 49.3 73.5 72.5

R1-Distill-Qwen-1.5B 28.6 22.7 62.6 82.9 26.4 43.6 44.4
+ GRPO 31.8±1.0 23.7±0.9 62.0±1.1 85.4±0.6 33.8±0.3 49.8±0.6 47.8±0.3

+ SFT 33.5±1.5 24.6±1.9 76.1±1.2 86.6±0.8 36.4±0.8 55.6±0.8 51.5±0.9

+ Standard OPD 37.1±1.4 30.6±0.6 80.2±0.9 88.0±0.5 34.6±0.4 56.0±0.8 54.4±0.2

+ REOPOLD 41.6±1.1 32.6±0.4 83.0±1.2 89.2±0.4 38.6±0.7 57.3±0.5 57.1±0.3

Phi-4-Mini-Reasoning (Xu et al., 2025a)→ DeepSeek-R1-Distill-Qwen-1.5B (Guo et al., 2025)

Phi4-Mini-Reasoning 55.6 41.4 91.8 94.6 39.1 64.5 64.5

+ Standard OPD 13.3±0.5 21.0±1.1 45.5±2.1 78.6±2.7 19.4±1.4 32.8±1.0 35.1±1.1

+ REOPOLD 32.1±1.7 24.6±0.7 65.2±1.2 83.7±1.3 30.2±0.5 45.9±0.6 47.0±0.4

F. Extension: Math Reasoning
Setup. We conduct on-policy distillation on DeepSeek-R1-Distill-Qwen-1.5B and 7B (Guo et al., 2025), employing
SkyWork-OR1-7B (or Phi-4-mini-reasoning (Xu et al., 2025a)) and SkyWork-OR1-32B-Preview (He et al., 2025a) as
teachers, respectively. For training, we utilize the dataset proposed by Yan et al. (2025), which contains 45k prompts. While
all 1.5B models in Table 11 are trained for 300 steps for fair comparison, we extend the training of REOPOLD to 600 steps
for the sample efficiency analysis in Figure 6(a). Detailed training setup is described in Appendix D.

Evaluation. We evaluate all models on six competition-level mathematical reasoning benchmarks: AIME-24, AIME-25,
AMC-23, MATH-500 (Hendrycks et al., 2020), Minerva Math (Lewkowycz et al., 2022), and Olympiad Bench (He et al.,
2024). For AIME-24, AIME-25, and AMC-23, we report Avg@32 to ensure robust evaluation considering the relatively
small test sets. For the remaining three benchmarks, we report Pass@1. In all evaluations, we use a temperature of 0.6 and a
top-p value of 0.95.

Result 1: Better training sample-efficiency. As shown in Figure 6(a), REOPOLD matches ProRL (Liu et al., 2025a) in 600
steps (vs. 2000); when normalized by the total number of generated sequences, computed as steps × batch size × rollouts,
this yields a > 6.7× efficiency gain. It surpasses DeepScaleR-1.5B-Preview (Luo et al., 2025) and DeepMath-1.5B (He
et al., 2025b) even earlier at 300 steps (> 12× efficiency), and notably outperforms standard OPD (300 steps) in just 150
steps. Finally, superior performance over GRPO in our re-implementation under identical conditions (Table 11) confirms
that our gains stem from algorithmic efficacy rather than experimental setup.

Result 2: Robustness to different model family. Using the sequence alignment (Patiño et al., 2025; Boizard et al.,
2025), we distill Phi-4-Mini-Reasoning into DeepSeek-R1-Distill-Qwen-1.5B, where the teacher and student come from
different model families and use different vocabularies. This setting induces a large teacher-student distribution mismatch,
under which standard OPD suffers severe negative transfer, reducing average performance from 44.4 to 35.1. In contrast,
REOPOLD improves the student to 47.0, showing that selective credit allocation can stabilize OPD even when teacher
feedback is transferred across mismatched vocabularies and model families.
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Figure 9. Scaling to a 7B student exposes instability in stan-
dard OPD, while REOPOLD maintains stable and consistent
improvement.

Result 3: Scaling to large policy models. We further eval-
uate REOPOLD on a stronger student, DeepSeek-R1-Distill-
Qwen-7B. As shown in Figure 9, standard OPD is unstable:
performance drops sharply early in training and fails to recover
beyond the base model on AIME-24. In contrast, REOPOLD
prevents early degradation and steadily improves across bench-
marks, demonstrating that selective credit allocation remains
effective when scaling OPD to stronger policy models.
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Table 12. Performance comparison of vision-language models on agentic visual tool-use tasks.
Accuracy (%) is reported for all benchmarks. The best and the second-best results in each column
are shown in bold and underlined, respectively.

Model Pixel V-Star InfoVQA TallyQA AVG.

Pixel-Reasoner-7B 64.00 84.29 74.37 73.69 74.05

Pixel-Reasoner-7B (Su et al., 2025) → Qwen2.5-VL-3B-Instruct + SFT (Jiang et al., 2025)

Qwen2.5-VL-3B-Instruct + SFT 46.00 71.20 34.88 56.91 45.83
+ GRPO (Jiang et al., 2025) 60.00 76.96 59.47 60.56 64.25
+ standard OPD 52.00 76.55 61.09 64.34 63.27
+ REOPOLD 57.00 77.43 63.12 65.43 65.75
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Figure 10. Average score by train-
ing step. REOPOLD outperforms all
baselines at 50% training.

G. Extension: Agentic Reasoning with Visual Tool-Use
Traditional visual reasoning approaches typically treat images as static inputs, limiting the model’s ability to actively explore
visual information. To address this limitation, we implement image operation tools that enable agents to zoom into specific
regions, select key frames, and perform other visual manipulations. This approach, following Pixel-Reasoner (Su et al.,
2025), enhances reasoning capabilities over dense visual data.

Setup. We implement our proposed method based on the VerlTool (Jiang et al., 2025) framework. We adopt the SFTed
Qwen2.5-VL-3B-Instruct (Jiang et al., 2025) as the student policy and Pixel-Reasoner-7B (Su et al., 2025) as the teacher.
We use the official training dataset from Pixel-Reasoner, comprising 15K queries from InfographicVQA, supplemented by
additional public datasets. Detailed training setup is described in Appendix D.

Evaluation. Following Su et al. (2025), we evaluate our model and baselines on four representative multi-modal bench-
marks using nucleus sampling with temperature of 1.0 and a top-p of 1.0: test-split of Pixel-Reasoner, V-Star (Wu & Xie,
2024), InfographicVQA (Mathew et al., 2022), and TallyQA (Acharya et al., 2019). This selection offers a wide spectrum of
visual understanding tasks, ranging from fine-grained object recognition to high-level reasoning in both static and dynamic
scenarios.

Results. As reported in Table 12, REOPOLD outperforms both standard OPD and GRPO, notably surpassing the latter
even when it utilizes the complex reward designs proposed by Su et al. (2025). Although GRPO achieves slightly higher
accuracy on the Pixel test split, REOPOLD demonstrates superior performance across other benchmarks, indicating stronger
generalization capabilities. Furthermore, we show in Figure 10 that REOPOLD exhibits better sample efficiency compared to
standard OPD and GRPO. Unlike traditional RL approaches that necessitate intricate reward engineering for sophisticated
agentic tasks, REOPOLD can be applied directly.
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H. Qualitative Evaluation

Question: From 2001 to 2010, Is 2010 exported the most value of bread, biscuits,
wafers, cakes and pastries from the UK? Your final answer can only be yes or no .

[Qwen2.5-VL-3B-Instruct (REOPOLD)]

<think>
To determine if 2010 exported the most value... we need to analyze the graph step by
step.
1. Identify the Time Period: The graph shows data from 2001 to 2019 ...
2. Analyze the Graph: The graph is a line graph ...
6. Conclusion: Based on the graph, the export value in 2010 is the highest ...
</think>

Final Answer: yes

[Qwen2.5-VL-3B-Instruct (Standard OPD)]

### Step-by-Step Reasoning:
1. Identify the Time Period: The question asks about ...
4. Determine the Maximum Value: ... values are relatively close to 400,000 GBP for
each year from 2001 to 2010. There is no clear indication that 2010 had a
significantly higher ...
5. Conclusion: Therefore, it is not possible to definitively say ...

### Final Answer: No

Figure 11. Qualitative comparison on Hallusion Bench. While the baseline trained with Standard OPD suffers from visual perception
degradation (hallucinating a flat trend despite the visual evidence), REOPOLD maintains robust visual grounding, accurately identifying
the peak in the chart.
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Question: As shown in the figure, angle C = 36.0, angle BAE = 60.0, then the degree
of angle AFC is ()
Choices: A:84◦ B:80◦ C:60◦ D:90◦

𝐶
𝐷

𝐵

𝐸

𝐴

𝐹

[Qwen2.5-VL-7B-Instruct (REOPOLD)]

<think>
To determine the measure of angle AFC, let’s analyze the given information...
4. Analyze the angle AFC:
... Substituting the given values:

Angle AFC = 60◦ + 36◦ = 96◦

However, we need to re-evaluate the problem because the angle AFC is actually the
angle formed by the intersection...
5. Re-evaluate using the properties of the angles:
... The correct measure of angle AFC is:

Angle AFC = 180◦ − 60◦ − 36◦ = 84◦

</think>

A

[Qwen2.5-VL-7B-Instruct (Standard OPD)]

<think>
To determine the measure of angle AFC...
5. Consider the angle BAE:
... Therefore:

60◦ = x+ (144◦ − x)

This equation is not directly useful for finding x, but it confirms the
relationship...
...
8. Final calculation:
The correct measure of angle AFC is:

Angle AFC = 156◦ − 60◦

Angle AFC = 90◦

</think>

90

Figure 12. Qualitative comparison on MathVerse. The baseline (Standard OPD) gets trapped in circular logic (Step 5) and hallucinates
the final calculation (Step 8). Our model initially derives an incorrect value (96◦) but explicitly triggers a self-correction process
(”However, we need to re-evaluate...”) to reach the correct solution (84◦).
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I. Limitations & Impact Statement
Limitations. A limitation of REOPOLD is that its gains may be smaller when the teacher and student are already closely
matched, since most token-level credits become near zero and standard OPD is less unstable in this regime. In addition,
REOPOLD improves the allocation and stability of teacher feedback but does not directly reduce the cost of teacher inference;
when teacher evaluation dominates wall-clock training time, the practical speedup may be limited. Future work could adapt
the allocation rule to the teacher-student gap and combine selective credit allocation with cheaper teacher scoring or caching
strategies.

Broader Impact. This work improves the efficiency and stability of reasoning distillation for compact language models.
By making sampled-token OPD more effective across mathematical, visual, and agentic tool-use tasks, REOPOLD may
reduce the data and optimization cost required to train capable smaller models, lowering deployment cost and latency
in resource-constrained settings. However, stronger compact models may also lower the barrier to misuse, particularly
in automated or tool-use applications. These risks are not unique to REOPOLD and should be mitigated through safety
evaluation, access control, and deployment monitoring.

J. Reproducibility Statement
For our experiments, we have clearly described the datasets used, the models fine-tuned, and the hyperparameters used
(Section F, Section 4, Section G, and Appendix D). While all datasets and base models are publicly available, we provide a
summary in Appendix D, along with relevant links. To further aid reproducibility, we provide a standalone implementation
of our core algorithm in the supplementary material. We will provide full source code upon acceptance.
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