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Abstract001

On-policy distillation (OPD) is increasingly002
adopted in modern post-training pipelines as003
a remedy for the exposure bias and catas-004
trophic forgetting of supervised fine-tuning.005
Yet stronger teachers still frequently fail to im-006
prove, and sometimes actively degrade, the007
student under OPD. We dissect OPD’s train-008
ing signal from three different perspectives to009
explain what it learns, where its gains come010
from, and why it sometimes hurts. (i) What:011
OPD transfers the teacher’s uncertainty profile012
rather than its problem-level knowledge. (ii)013
Where: gains come from aligning the student’s014
per-position entropy shape with the teacher’s,015
so already shape-aligned pairings have no head-016
room to gain. (iii) Why: the regression un-017
der OPD is caused by the teacher pulling the018
student off confidently-correct tokens, which019
triggers catastrophic forgetting during training.020
Together, these findings give a unified mecha-021
nistic account of when and why OPD helps or022
hurts, and some probe methods that predicts the023
likely outcome of OPD before training begins.024

1 Introduction025

Distillation has emerged as an effective technique026

for compressing strong models and transferring027

their knowledge into compact students (Hinton028

et al., 2015). However, prior work has shown that029

stronger models are not always optimal teachers030

for off-policy distillation approaches such as super-031

vised fine-tuning (SFT) (Xu et al., 2025; Li et al.,032

2025; Zhang et al., 2025b). In these methods, the033

student is trained on fixed sequences generated by034

the teacher, creating a distribution mismatch (i.e.,035

exposure bias) between the trajectories seen dur-036

ing training and those produced autoregressively at037

inference (Ross and Bagnell, 2010; Bengio et al.,038

2015). Such off-policy supervision can also in-039

duce catastrophic forgetting, causing the student’s040

performance to fall below its pre-distillation base-041

line (Yang et al., 2024; Kajitsuka et al., 2026).042
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Figure 1: Stronger teachers can fail to improve, and
may even degrade, the student under on-policy dis-
tillation. We report ∆Accuracy (in absolute percentage
points, pp) of OPD-trained students relative to their
pre-distillation baseline on three math reasoning bench-
marks. All models are INSTRUCT versions, and the
teachers are from the same model family as the student.

On-policy distillation (OPD) offers a promising 043

alternative and has been adopted in industrial post- 044

training pipelines, including Qwen3 (Yang et al., 045

2025), MiMo (Xiao et al., 2026), GLM-5 (Zeng 046

et al., 2026). Unlike off-policy distillation, OPD 047

obtains token-level supervision from the teacher on 048

trajectories generated by the student itself, thereby 049

training the student on states it actually visits at in- 050

ference time (Gu et al., 2024; Agarwal et al., 2024). 051

Recent studies further suggest that on-policy data 052

can mitigate catastrophic forgetting, highlighting 053

the potential of OPD for continual learning (Chen 054

et al., 2025; Lu and Lab, 2025). 055

Despite these advances, OPD still suffers from 056

the same issue, as shown in Figure 1: a stronger 057

teacher can fail to improve a student or even de- 058

grade its performance. Concurrent work investi- 059

gates when and why OPD succeeds or fails, iden- 060

tifying two empirical patterns associated with its 061

effectiveness (Li et al., 2026). Yet their token-level 062

mechanistic analysis does not fully explain the un- 063

derlying mechanisms of OPD, leaving open three 064

deeper questions: what does OPD actually learn, 065
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where do its gains come from, and why does it066

sometimes degrade the student?067

To answer these questions, we present a system-068

atic analysis from three different perspectives: data,069

per-token entropy, and per-token reward.070

Data (correctness): what does OPD learn? We071

control for teacher knowledge by training on072

prompts where two candidate teachers both suc-073

ceed or both fail on the final answer. In either case074

OPD yields comparable downstream accuracy, in-075

distinguishable from training on randomly sampled076

prompts (§5.1). Knowledge transfer is therefore077

not the primary mechanism of OPD: what is trans-078

ferred is the teacher’s reasoning behavior, not its079

problem-level correctness.080

Token (entropy): where do its gains come from?081

We quantify the alignment of student and teacher082

uncertainty profiles along the rollout with two083

shape metrics—per-position entropy correlation ρ084

and top-20% fork-token overlap—and one mag-085

nitude metric, the entropy-value gap ∆H . The086

pre-OPD value of the two shape metrics cleanly087

predicts whether OPD will help or hurt, while ∆H088

does not (§5.2). OPD’s gains come from closing089

the shape gap, which leaves no headroom when090

the student and teacher are already shape-aligned—091

precisely the regime where a stronger same-family092

teacher fails or degrades the student.093

Token (reward): why does it sometimes de-094

grade? We decompose the per-token OPD re-095

ward rt = log qt(ŷt) − log pt(ŷt) jointly by the096

sign of rt and the student’s entropy at the same097

position, isolating the destructive Q3 population:098

low-entropy positions on correct rollouts at which099

the teacher pulls the student off tokens it already100

had right. The destructive-to-corrective force ra-101

tio DEST:CORR cleanly separates the regressing102

pairings (>1) from the improving ones (<1), and103

a targeted ablation that masks these low-entropy104

positions causally suppresses the regression (§5.3).105

Destructive Q3 tokens is thus the main cause of106

catastrophic forgetting under OPD.107

Contributions.108

• We empirically demonstrate that the failure109

of stronger teachers persists under on-policy110

distillation across the Qwen2.5 and Qwen3111

model families, including cases where dis-112

tillation drives the student below its pre-113

distillation performance (§4).114

• Through a systematic mechanistic analysis 115

(§5) we show that (i) OPD transfers the 116

teacher’s reasoning behavior rather than its 117

problem-level knowledge; (ii) OPD’s gains 118

come from aligning the student’s per-position 119

entropy shape with the teacher’s, so pairings 120

that are already shape-aligned have no head- 121

room; and (iii) the regression is caused by 122

destructive Q3 tokens, teacher disagreements 123

at confidently-correct tokens. 124

2 Related Work 125

On-Policy Distillation. Exposure bias in off- 126

policy distillation motivates the shift to on-policy 127

distillation. MiniLLM (Gu et al., 2024) introduces 128

OPD for LLMs, optimizing the reverse KL objec- 129

tive on student-generated rollouts via policy gradi- 130

ents, while GKD (Agarwal et al., 2024) generalizes 131

this approach by directly minimizing token-level 132

divergences on mixtures of on- and off-policy data. 133

Thinking Machines Lab (Lu and Lab, 2025) demon- 134

strate that on-policy dense supervision is more effi- 135

cient than outcome-reward RL and shows promise 136

for continual learning. More recently, OPD has 137

been extended to the self-distillation setting, where 138

the student serves as its own teacher by condition- 139

ing on privileged information (Hübotter et al., 2026; 140

Shenfeld et al., 2026; Zhao et al., 2026). Concur- 141

rent studies have begun to investigate the failure 142

modes and underlying mechanisms of OPD (Li 143

et al., 2026; Fu et al., 2026). Our work further 144

contributes to this direction through an in-depth 145

analysis of the root causes underlying OPD success 146

and failure. 147

Curse of Capacity Gap. A widely observed phe- 148

nomenon in knowledge distillation is that large 149

teacher–student capacity gaps can diminish or 150

even reverse the benefits of distillation (Cho and 151

Hariharan, 2019; Mirzadeh et al., 2020). Zhang 152

et al. (2023) document the curse of capacity gap 153

in language model distillation, and subsequent 154

work extends this observation to instruction tun- 155

ing (Xu et al., 2025) and chain-of-thought distil- 156

lation (Li et al., 2025). A body of work seeks 157

to address this issue through better teacher selec- 158

tion. Zhang et al. (2025a) characterize the rela- 159

tionship between student scale and optimal teacher 160

scale, while Busbridge et al. (2025) derive general 161

distillation scaling laws for predicting student per- 162

formance. Another line of research aims to bridge 163

the teacher-student gap by constructing more suit- 164
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able teacher. For example, Ding et al. (2025) em-165

ploy intermediate-sized model as teacher assistants,166

and Zhang et al. (2025b) achieve personalized dis-167

tillation through a query-level teacher router. How-168

ever, existing studies mainly focus on off-policy169

knowledge distillation, leaving the capacity-gap170

issue in OPD underexplored.171

3 Preliminaries172

3.1 Notation173

Let x ∈ Dx denote a query and y = (y1, . . . , yT )174

be a response of length T . We write y<t =175

(y1, . . . , yt−1) for the prefix up to step t. A lan-176

guage model π defines a next-token distribution177

π(· | x, y<t) over a vocabulary V . We refer to178

the model being trained as the student πθ, with179

learnable parameters θ, and to a frozen reference180

model as the teacher πT . Both models share the181

same vocabulary V . Knowledge distillation trans-182

fers knowledge from πT to πθ by minimizing the183

KL divergence between the distributions P and Q:184

DKL(P ∥Q) =
∑
v∈V

P(v) log
P(v)

Q(v)
. (1)185

3.2 On-Policy Distillation186

Given a query x ∼ Dx, On-policy Distillation first187
samples a response y ∼ πθ(· | x), and then the188
student-generated trajectory is forwarded through189
both πθ and πT , yielding two next-token distribu-190
tions for each prefix y<t: pt = πθ(· | x, y<t) and191
qt = πT (· | x, y<t). The standard OPD objective is192
the sequence-level reverse KL divergence between193
the student and teacher under trajectories sampled194
from the student policy, which, by autoregressive195
factorization, can be formalized as a token-level196
KL objective:197

LOPD(θ) = Ex∼Dx, y∼πθ(·|x)

[
T∑

t=1

DKL(pt ∥ qt)

]
. (2)198

Following Agarwal et al. (2024), we do not back-199

propagate through the student’s sampling distri-200

bution πθ(· | x) that produces y. Gradients are201

computed only through πθ in the per-token KL202

terms, thereby avoiding policy-gradient optimiza-203

tion (Williams, 1992), which leads to more stable204

training.205

In practice, there are three common implemen-206

tations that differ in how the per-token reverse207

KL is computed. Sampled-token OPD is the most208

lightweight variant, evaluating only the token sam-209

pled by the student at each step and yielding an un-210

biased Monte Carlo estimator of each token-level211

KL term. Full-vocabulary OPD, at the other ex- 212

treme, computes the KL divergence over the entire 213

vocabulary at each prefix. Top-k OPD provides an 214

intermediate design by restricting the divergence 215

computation to a subset of full vocabulary. 216

Here we focus on the student top-k variant, as it 217

achieves a good trade-off between supervision fi- 218

delity and computational cost. Specifically, at each 219

prefix y<t, we select the subset St = TopK(pt, k), 220

consisting of the k tokens with the highest proba- 221

bilities under the student distribution pt. We then 222

restrict both the student and teacher distributions 223

to St and renormalize them as follows: 224

p̄
(St)
t =

pt ⊙ 1St∑
u∈St

pt(u)
, q̄

(St)
t =

qt ⊙ 1St∑
u∈St

qt(u)
, (3) 225

Distillation is then performed by minimizing the 226

subset KL divergence DKL

(
p̄
(St)
t ∥ q̄(St)

t

)
. This yields 227

an approximation to the full-vocabulary reverse KL, 228

where probability mass outside St is discarded. 229

4 Capacity Gap in On-Policy Distillation 230

A recurring observation in traditional off-policy 231

distillation is that stronger teachers do not always 232

yield better students, a phenomenon known as the 233

capability gap. Since on-policy distillation has 234

been shown to effectively mitigate exposure bias 235

and catastrophic forgetting, a natural question is 236

whether it can also overcome the capability gap. 237

Datasets and Evaluation. We conduct our OPD 238

experiments on 10,000 prompts randomly sampled 239

from the OpenR1-Math-220k dataset1. Unless oth- 240

erwise specified, we use the default implementa- 241

tion and hyperparameter settings described in Ap- 242

pendix A. The distilled student models are eval- 243

uated on GSM8K (Cobbe et al., 2021), MATH- 244

500 (Lightman et al., 2024), and AMC (Li et al., 245

2024). Results on AIME24/25 (Balunovic et al., 246

2026) are provided as complementary evaluations 247

for strong student models. We use the EvalScope 248

framework for standardized evaluation across all 249

benchmarks and report Pass@1 accuracy averaged 250

over three independent runs. 251

Models. We study three student models span- 252

ning two model families: Qwen2.5-0.5B-Instruct, 253

Qwen2.5-3B-Instruct (Qwen et al., 2025), and 254

Qwen3-1.7B (Non-thinking) (Yang et al., 2025). 255

1https://huggingface.co/datasets/open-r1/
OpenR1-Math-220k
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Setup GSM8K MATH-500 AMC

Qwen2.5-0.5B (baseline) 44.9 29.0 9.0
+ 3B 46.9 30.0 8.9
+ 7B 45.7 32.8 9.0
+ 14B 48.5 32.8 8.2

Qwen2.5-3B (baseline) 85.8 63.8 33.6
+ 7B 84.4 60.2 27.6
+ 14B 84.0 62.0 29.1

Qwen3-1.7B (baseline) 82.9 73.6 40.3
+ Qwen3-4B 79.8 71.0 35.8
+ Qwen3-8B 80.4 70.0 41.0
+ Qwen3-14B 81.4 72.8 40.3

Table 1: Accuracy of OPD-trained students across dif-
ferent student-teacher setups. Each block begins with
the pre-distillation baseline, followed by OPD results
with same-family teachers of different sizes. We bold
numbers that show improvements from distillation. Re-
sults on AIME24/25 are reported in Appendix B.

For each student, we sweep teachers of increas-256

ing size from the same family: 3B/7B/14B for257

Qwen2.5 students, and 4B/8B/14B for the Qwen3258

student2.259

Results. Table 1 presents that stronger teach-260

ers may fail to improve the student and can even261

degrade its performance. For both Qwen2.5-3B-262

Instruct and Qwen3-1.7B, performance degradation263

is consistently observed across all teacher choices.264

These results empirically demonstrate that the ca-265

pability gap persists in OPD, consistent with obser-266

vations from concurrent work (Li et al., 2026).267

Unlike the conventional off-policy setting, where268

larger teacher-student capacity gaps usually lead to269

worse distillation outcomes, OPD shows a differ-270

ent pattern. For example, Qwen2.5-0.5B-Instruct271

achieves modest improvements on GSM8K and272

MATH-500 even with larger teachers. Moreover,273

for Qwen2.5-3B-Instruct and Qwen3-1.7B-Instruct,274

the degree of performance degradation tends to de-275

crease as teacher size increases. These findings276

motivate us to identify and understand the distinc-277

tive mechanisms underlying the capability gap in278

OPD.279

5 Mechanistic Analysis280

Having established in §4 that stronger teachers fre-281

quently fail or even degrade the student under OPD,282

we now ask why. We dissect OPD’s training signal283

through three complementary analyses, each an-284

swering one diagnostic question about a different285

2All Qwen3 models employed in our experiments default
to non-thinking mode unless we specify otherwise.

aspect of the signal: (i) a correctness-controlled 286

ablation (§5.1) asks what OPD actually learns; (ii) 287

a per-token entropy analysis (§5.2) asks where its 288

gains come from; and (iii) a per-token reward anal- 289

ysis (§5.3) asks why it sometimes degrades the stu- 290

dent. Figure 2 summarizes the question and main 291

finding of each subsection. 292

5.1 Data: Supervision Quality Analysis 293

In off-policy distillation, such as SFT, an implicit 294

assumption is that the pre-collected data have been 295

filtered for correctness, so the student learns pri- 296

marily from correct reasoning paths. However, 297

OPD provides no such guarantee. On the same 298

dataset, stronger teachers may provide more correct 299

supervision, whereas smaller teachers may them- 300

selves fail on many problems. This raises a natu- 301

ral question: what does OPD actually learn? If 302

OPD mainly learns from correctness, this could ex- 303

plain the benefits sometimes observed with larger 304

teacher-student capacity gaps, given the substan- 305

tial knowledge gap between stronger and smaller 306

teachers. 307

Setup. We investigate this question by design- 308

ing rigorous controlled experiments. Using the 309

same math reasoning dataset as in §4, we con- 310

struct two correctness-controlled subsets of 7,000 311

prompts each, where a prompt is deemed correct 312

for a teacher if at least one of four rollouts at tem- 313

perature 1.0 yields the correct final answer. The 314

two subsets are: (1) both-correct, on which both 315

Qwen2.5-7B-Instruct and Qwen2.5-14B-Instruct 316

succeed; and (2) both-wrong, on which both teach- 317

ers fail. 318

By construction, the effect of knowledge gap 319

between different teachers are ablated. We then 320

conduct OPD on each (student, teacher) pair across 321

all three subsets: the original 10k random sample 322

and the two controlled subsets. 323

Results. The results are reported in Table 2. Strik- 324

ingly, the both-correct and both-wrong subsets 325

yield comparable final distillation performance 326

across different (student,teacher) pairs. For in- 327

stance, on Qwen2.5-0.5B-Instruct, training on 328

both-wrong improves over the pre-distillation 329

baseline on all three benchmarks under both teach- 330

ers, matching or surpassing the both-correct and 331

random subsets. These observation indicates that: 332
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Q1. What does OPD learn? Q2. Where do its gains come from? Q3. Why does it sometimes degrade?
§5.1 — DATA (CORRECTNESS) §5.2 — TOKEN (ENTROPY) §5.3 — TOKEN (REWARD)

On-Policy Distillation learns reasoning
ability rather than correctness: Train-
ing on subsets where the teachers both
succeed or both fail yields compara-
ble distillation performance, indicating
that OPD transfers the reasoning be-
havior itself, not supervision correct-
ness. (Table 2)

OPD aligns the student’s entropy shape
with the teacher’s. Pre-OPD shape sim-
ilarity (ρ, ForkOverlap) cleanly pre-
dicts the sign of the gain; the entropy-
value gap ∆H does not. Gains come
from closing the shape gap, so pairings
already shape-aligned have no head-
room. (Table 3)

Regression is driven by destructive
Q3 tokens: at low-entropy positions
on correct rollouts, the teacher pulls
the student off tokens it had right.
DEST:CORR>1 separates regressing
from improving pairings; masking low-
entropy positions causally removes the
regression. (Tables 4, 6)

Figure 2: Overview of §5. Each column states one of the three diagnostic questions raised in §1, the corresponding
subsection, and the key finding (with the table that supports it).

Setup GSM8K MATH-500 AMC

Qwen2.5-0.5B (baseline) 44.9 29.0 9.0
+ 7B [random] 45.7 32.8 9.0
+ 7B [both-correct] 49.8 33.8 8.2
+ 7B [both-wrong] 49.2 29.8 9.0
+ 14B [random] 48.5 32.8 8.2
+ 14B [both-correct] 48.1 30.0 8.2
+ 14B [both-wrong] 48.4 32.4 9.7

Qwen2.5-3B (baseline) 85.8 63.8 33.6
+ 7B [random] 84.4 60.2 27.6
+ 7B [both-correct] 83.7 63.0 27.6
+ 7B [both-wrong] 82.9 62.0 26.9
+ 14B [random] 84.0 62.0 29.1
+ 14B [both-correct] 83.2 61.6 26.1
+ 14B [both-wrong] 83.2 63.0 26.1

Table 2: Distillation performance on correctness-
controlled subsets. Each student model is distilled from
two teachers, Qwen2.5-7B-Instruct and Qwen2.5-14B-
Instruct, on three subsets: random (10k prompts), both-
correct (7k prompts), and both-wrong (7k prompts).
The best result for each student model is bolded. AIME
results are shown in Appendix B.

Insight 1. On-Policy Distillation learns rea-
soning ability rather than correctness: dis-
tillation remains effective even when the
teacher fails to produce a correct solution
on any training problem.

333

5.2 Token: Entropy Analysis334

The knowledge-gap ablation shows that OPD’s335

learning is independent of correctness, but what336

OPD actually learns remains unclear. Concurrent337

work (Li et al., 2026) identifies the progressive338

alignment of top-k tokens and the entropy gap,339

which appears to be a dynamic learning signal.340

However, the authors find that OPD can still fail341

even when the student exhibits a high top-k over-342

lap ratio and shares a consistent thinking pattern343

with the teacher, and they attribute this failure to344

a lack of new knowledge. Yet the nature of this 345

“knowledge” is left without deeper analysis. 346

In this section, we aim to uncover what OPD ac- 347

tually learns and trace where its gains come from. 348

Inspired by the recent finding that RL reasoning 349

gains are driven by a small set of high-entropy fork 350

tokens at reasoning branch points (Wang et al., 351

2026), we argue that what matters for OPD is 352

which positions are high-entropy (fork tokens) and 353

whether the student and teacher agree on them. We 354

further formalize this as the Uncertainty Profile 355

(entropy shape) of reasoning trajectories. 356

Metrics. Let Hp
t = H(pt) and Hq

t = H(qt) 357

denote the entropy of the student’s and teacher’s 358

next-token distributions at trajectory position t ∈ 359

{1, . . . , T}. We define two metrics to quantify the 360

alignment of the student’s and teacher’s uncertainty 361

profiles along a single rollout: 362

• Entropy Correlation. The Pearson correlation 363

between the student’s and teacher’s entropy 364

sequences along the trajectory, 365

ρ = Pearson
(
{Hp

t }Tt=1, {H
q
t }Tt=1

)
, (4) 366

measures whether the student’s and teacher’s 367

entropies rise and fall in sync along the trajec- 368

tory, capturing the continuous aspect of profile 369

alignment. 370

• Fork-Token Overlap. Motivated by the no- 371

tion of fork tokens, we identify the top-20% 372

highest-entropy positions under the student 373

and teacher distributions as their respective 374

fork-token sets F p and F q, each of size 375

⌊0.2T ⌋, capturing the positions each model 376

deems most decisive: 377

ForkOverlap =
|F p ∩ F q|
⌊0.2T ⌋

. (5) 378
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Correlation ρ Fork Overlap (%) Entropy Gap Performance ∆ (pp)

Student Teacher pre post ∆ pre post ∆ ∆(∆H) GSM8K MATH-500 AMC

Qwen2.5-0.5B-It
7B-It 0.61 0.90 +0.29 73.6 82.1 +8.5 −0.050 +0.8 +3.8 0.0
14B-It 0.56 0.97 +0.41 74.4 81.2 +6.8 +0.001 +3.6 +3.8 −0.7

7B-GRPO 0.56 0.90 +0.34 70.5 66.2 −4.3 −0.080 +1.6 +0.4 +1.5

Qwen2.5-3B-It
7B-It 0.89 0.98 +0.09 83.6 85.8 +2.2 −0.031 −1.4 −3.6 −6.0
14B-It 0.97 0.99 +0.02 82.4 83.5 +1.1 −0.004 −1.8 −1.8 −4.5

7B-GRPO 0.78 0.96 +0.18 82.6 84.3 +1.7 −0.074 −2.0 −2.6 −2.3

Qwen3-1.7B 4B 0.96 0.94 −0.02 85.1 85.1 0.0 +0.018 −3.1 −2.6 −4.5
4B-RL-Math 0.56 0.63 +0.07 76.4 82.1 +5.7 +0.055 −1.5 +0.5 +1.5

Table 3: OPD transfers entropy shape, not entropy value. Each row reports pre-OPD, post-OPD, and ∆ for
the shape metrics ρ and ForkOverlap; the entropy-gap change ∆(∆H); and accuracy deltas (pp) on GSM8K,
MATH-500, and AMC. All teachers are Instruct versions; “7B-GRPO” denotes a Qwen2.5-7B-Instruct further
trained with GRPO, and “4B-RL-Math” denotes a publicly released GRPO-tuned Qwen3-4B model.

This metric reflects whether the student and379

teacher agree on which positions are most380

uncertain—and thus most consequential for381

reasoning.382

We additionally introduce a magnitude-based383

metric, the Entropy Gap, which measures the abso-384

lute difference between the student’s and teacher’s385

mean per-position entropies:386

∆H =

∣∣∣∣∣ 1T
T∑
t=1

Hp
t − 1

T

T∑
t=1

Hq
t

∣∣∣∣∣ . (6)387

This scalar summarizes the average gap in entropy388

value between the student and teacher, with no389

positional information.390

Together, ρ and ForkOverlap characterize en-391

tropy shape, while ∆H captures entropy value.392

Setup. We randomly sample 100 prompts from393

OpenR1-Math-220k as the probe set. For each394

(student, teacher) pairing we generate one student395

rollout per prompt at temperature 1.0, yielding 100396

rollouts. All three metrics are computed per rollout397

and then averaged across the 100 rollouts.398

We sweep two model families: Qwen2.5-399

{0.5B, 3B}-Instruct as students paired with400

Qwen2.5-{7B, 14B}-Instruct and a GRPO-tuned401

Qwen2.5-7B-Instruct as teachers (see recipe in402

Appendix A.2); and Qwen3-1.7B (Non-thinking)403

as student paired with Qwen3-4B and a public404

available Qwen3-4B GRPO variant3 as teachers.405

For each pairing, the pre-OPD setting uses roll-406

outs from the vanilla student and the post-OPD407

setting uses rollouts from the corresponding OPD-408

trained checkpoint. For ρ and ForkOverlap, we409

3https://huggingface.co/Keven16/
Qwen3-4B-Non-Thinking-RL-Math-Step500

report the pre-OPD value, the post-OPD value, and 410

the OPD-induced change ∆; for the entropy gap, 411

only ∆(∆H). Downstream performance is com- 412

puted as the accuracy delta of the post-OPD stu- 413

dent over its pre-distillation baseline on GSM8K, 414

MATH-500, and AMC. 415

Results. Table 3 provides the two entropy shape 416

metrics (ρ, ForkOverlap) before and after OPD, 417

alongside the downstream accuracy deltas. For 418

Qwen2.5-0.5B, both ρ and ForkOverlap start at 419

low values (ρ ∈ [0.56, 0.61], ForkOverlap ∈ 420

[70.5%, 74.4%]), leaving substantial headroom; af- 421

ter OPD both metrics climb into the high range 422

(ρ ≥ 0.90), and every pairing yields downstream 423

gains on GSM8K and MATH-500. This indicates 424

that what OPD actually learn is the teacher’s un- 425

certainty profile. For Qwen2.5-3B the picture in- 426

verts: pre-OPD ρ and ForkOverlap are already 427

high, the headroom for further alignment is lim- 428

ited, and downstream performance consistently re- 429

gresses across all three benchmarks. 430

Generally, both shape metrics saturate in the 431

post-OPD setting regardless of distillation results; 432

what matters is the pre-OPD value, since a lower 433

initial alignment with the teacher’s entropy shape 434

leaves more room for OPD to deliver gains. GRPO- 435

tuned teachers fit the same pattern: their uncer- 436

tainty profiles differ substantially from the base 437

versions, lowering pre-OPD alignment and in some 438

cases reversing the regression seen with the origi- 439

nal teacher (e.g., Qwen3-1.7B regresses with the 440

vanilla Qwen3-4B teacher but improves on MATH- 441

500 and AMC with its GRPO-tuned counterpart). 442

In contrast, the entropy gap ∆(∆H) is uncorre- 443

lated with downstream performance. 444
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Insight 2. OPD learns from the teacher’s
entropy shape, not its value; its gains come
from shape alignment, leaving little head-
room when student and teacher already
match; GRPO rewrites the original model’s
uncertainty profile, which prior work de-
scribes as acquiring new “knowledge”.

445

5.3 Reward: Forgetting Analysis446

The previous section only shows that OPD yields447

limited gains when the uncertainty profiles of the448

teacher and student are similar. However, it does449

not explain why OPD sometimes leads to perfor-450

mance degradation in practice (e.g., the results on451

Qwen2.5-3B-Instruct). We investigate this question452

from the perspective of catastrophic forgetting.453

A per-token measure of steering strength. By454

the policy-gradient theorem, the token-level advan-455

tage of the OPD objective can be derived as (Yang456

et al., 2026):457

rt ≜ log qt(ŷt) − log pt(ŷt), (7)458

which characterizes the strength with which OPD459

steers the student at each sampled token ŷt. We re-460

fer to rt as the per-token reward. When rt > 0, the461

teacher assigns higher probability to the student’s462

sampled token than the student itself, and OPD463

pulls the student toward the teacher’s preferred be-464

havior. When rt < 0, the teacher assigns lower465

probability to this token than the student does, and466

OPD instead pushes the student away from its own467

prediction, suppressing the token in future samples.468

The magnitude |rt| quantifies the strength of this469

push–pull effect.470

Reward × Entropy quadrants. Prior analyses471

of catastrophic forgetting in supervised fine-tuning472

attribute the forgetting issue to gradient updates473

that force the model to fit low-probability targets474

at a positions where it is highly confident (Diao475

et al., 2026). Adapting this lens to OPD, we parti-476

tion student-sampled tokens into four quadrants by477

crossing the sign of the per-token reward rt with478

the per-token student entropy Hp
t , using an entropy479

threshold Hth = 0.3 nats (corresponding to a top-1480

probability of ≈ 0.85). The resulting partition is481

shown in Table 5. Q3 is the direct analogue of the482

SFT forgetting trigger: the student is highly confi-483

dent at position t, yet a negative reward from the484

teacher pushes it away from its own prediction.485

Destructive vs. corrective. However, not every 486

update from Q3 tokens is harmful. Sometimes the 487

student is confidently wrong, in which case Q3 488

provides a useful corrective signal. We therefore 489

further partition Q3 tokens by the correctness of 490

the rollout they belong to: 491

• Destructive Q3: the student rollout reaches 492

the correct final answer, yet at this position 493

the teacher pulls the student off a confidently- 494

correct token. Such updates erode behavior 495

the student has already mastered. 496

• Corrective Q3: the student rollout reaches an 497

incorrect final answer, and the teacher pro- 498

vides a correction at this position. Such up- 499

dates are beneficial. 500

We report the destructive-to-corrective ratio 501

Dest:Corr: a value below 1 indicates that the dom- 502

inant update direction is corrective, while a value 503

above 1 indicates that destructive updates domi- 504

nate. 505

Setup. We reuse the probe set from §5.2. For 506

each student×teacher pairing, we sample one stu- 507

dent rollout per prompt at temperature 1.0, yielding 508

100 rollouts in total. All sampled token positions 509

across these 100 rollouts are pooled into a single 510

population. Each token receives three labels: the 511

binary entropy indicator 1[Hp
t < Hth], the sign of 512

rt, and, for Q3 tokens, whether its parent rollout is 513

correct. 514

The reported mass is the share of pooled tokens 515

falling into the corresponding subset (destructive 516

or corrective Q3); mean |r| is the average reward 517

magnitude over those same tokens. Pooling at the 518

token level (rather than averaging per-rollout ratios) 519

weighs each rollout by its length, which matches 520

the actual gradient update strength of OPD. 521

Results. Table 4 presents the results. The 522

DEST:CORR ratio cleanly separates the two 523

regimes: every pairing in which OPD degrades the 524

student is destructive-dominant (DEST:CORR > 525

1), while every pairing in which OPD helps is 526

corrective-dominant (DEST:CORR < 1). 527

Causal validation via top-20% entropy mask- 528

ing. The above is correlational. To check that 529

destructive Q3 force is causally responsible for the 530

degradation, we run a targeted ablation: at training 531

time the per-token KL loss is restricted to positions 532

whose student-token entropy is in the top-20% of 533

each rollout. Low-entropy positions, exactly where 534

7



Destructive Q3 Corrective Q3 Performance ∆ (pp)

Student Teacher mass (%) mean |r| mass (%) mean |r| Dest:Corr GSM8K MATH-500 AMC

Qwen2.5-0.5B-It
7B-It 5.5 0.186 15.9 0.186 0.34 +0.8 +3.8 0.0

14B-It 9.0 0.147 22.1 0.166 0.36 +3.6 +3.8 −0.7
7B-GRPO 4.4 0.303 11.2 0.286 0.41 +1.6 +0.4 +1.5

Qwen2.5-3B-It
7B-It 12.4 0.080 6.4 0.073 2.13 −1.4 −3.6 −6.0

14B-It 21.4 0.057 9.0 0.070 1.95 −1.8 −1.8 −4.5
7B-GRPO 5.1 0.203 4.3 0.159 1.52 −2.0 −2.6 −2.3

Table 4: The destructive-to-corrective ratio predicts post-OPD regression. For each student×teacher pairing, we
decompose Q3 tokens by the correctness of their parent rollout: destructive Q3 (rollout is correct) and corrective
Q3 (rollout is incorrect). For each group of Q3, we report the mass (share of all sampled tokens) and the mean
per-token reward magnitude |rt|, together with the Dest:Corr ratio and the post-OPD accuracy change relative to
the vanilla student on GSM8K, MATH-500, and AMC (in percentage points).

Hp
t < Hth Hp

t ≥ Hth

(committed) (forking)

rt > 0 Q1 Q2: useful distillation
rt < 0 Q3: forced correction Q4

Table 5: Four quadrants of student-sampled tokens, de-
fined by the sign of the per-token reward rt and the
per-token student entropy Hp

t .

destructive Q3 updates concentrate, are masked out535

and contribute no gradient. The shape-alignment536

signal at fork tokens (§5.2) is preserved while the537

forgetting mechanism is removed.538

Applied to the Qwen2.5-3B × 14B-Inst pairing539

that regresses on GSM8K and AMC under standard540

OPD (Table 1), the entropy-masked variant recov-541

ers the bulk of the regression (Table 6): MATH-500542

and AMC both return to near-vanilla levels, while543

GSM8K is essentially unchanged relative to stan-544

dard OPD. Removing destructive force does not545

restore gains that did not exist under standard OPD,546

but it does suppress the larger losses on the other547

benchmarks.548

Insight 3. The regression observed under
OPD stems from the teacher incorrectly
suppressing the student’s confident (low-
entropy) tokens on correct rollouts. Masking
out these low-entropy positions effectively
prevents catastrophic forgetting in OPD.

549

6 Conclusion550

We presented a mechanistic analysis of on-policy551

distillation that explains both its gains and its fail-552

ures. First, OPD transfers the teacher’s reasoning553

behavior rather than its problem-level knowledge554

Method GSM8K MATH-500 AMC

Qwen2.5-3B (vanilla) 85.8 63.8 33.6
+ 14B, standard OPD 84.0 62.0 29.1
+ 14B, top-20% mask 83.8 64.4 32.8

Table 6: Masking low-entropy tokens suppresses the
degradation.

(§5.1). Second, gains come from aligning the stu- 555

dent’s entropy shape with the teacher’s, so already 556

shape-aligned pairings have no headroom to gain 557

(§5.2). Third, the regression observed in such pair- 558

ings is caused by destructive Q3 tokens and can 559

be causally suppressed by masking low-entropy 560

positions during training (§5.3). 561

Limitations 562

We highlight two limitations of this work. First, all 563

experiments are conducted on math-reasoning task, 564

and it remains unclear whether the capacity gap 565

phenomenon and the identified mechanisms gener- 566

alize to other domains such as code and open-ended 567

settings. Second, due to limited computational re- 568

sources, our study is restricted to relatively small 569

student and teacher models; whether the same find- 570

ings hold at at the larger scales remains an open 571

question. 572
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A Training Details768

A.1 On-Policy Distillation Training Details769

All OPD experiments use the default hyperparam-770

eters listed in Table 7. We use the SWIFT frame-771

work (Zhao et al., 2024) and train on two nodes772

with 4×L40S GPUs each, using bf16 precision and773

gradient checkpointing. Student models are trained774

with DeepSpeed ZeRO-2, while teacher models use775

DeepSpeed ZeRO-3.776

Hyper-parameter Value

Training temperature 1.0
Rollout 1
Max prompt length 2048
Max response length 6144
LogProb Top-K 16
Top-K strategy Student Top-K
Optimizer AdamW
Learning rate 1e-5
Warmup Ratio 0.05
Effective batch size 32
Epoch 1

Table 7: Default hyperparameters for OPD.

A.2 GRPO Training Details777

We train Qwen2.5-7B-Instruct with the Verl frame-778

work on the same 10,000 prompts used for the OPD779

training dataset. The hyperparameters are listed in780

Table 8.781

Hyperparameter Value

RL algorithm GRPO
Training epochs 1
Train batch size 64
Rollout n 8
Maximum prompt length 1,024
Maximum response length 6,144
Learning rate 1× 10−6

Temperature 1.0
Top-p 1.0
KL loss type low-variance KL
KL loss coefficient 1× 10−3

Loss aggregation token-mean

Table 8: GRPO training hyperparameters for our
Qwen2.5-7B-GRPO teacher.

B Additional Results: AIME782

Table 9 reports pass@1 accuracy on AIME24/25 as783

a complementary evaluation for §4. And Table 10784

presents the corresponding AIME results for the 785

ablation in §5.1. 786

Setup AIME24 AIME25

Qwen2.5-0.5B (baseline) 0.0 0.0
+ 7B 0.0 0.0
+ 14B 0.0 0.0

Qwen2.5-3B (baseline) 6.7 0.0
+ 7B 3.3 0.0
+ 14B 6.7 3.3

Qwen3-1.7B (baseline) 16.7 3.3
+ Qwen3-4B 3.3 6.7
+ Qwen3-8B 13.3 3.3
+ Qwen3-14B 10.0 6.7

Table 9: Pass@1 accuracy on AIME24 (n=30) and
AIME25 (n=30) for the student × teacher pairs of Ta-
ble 1.

Setup AIME24 AIME25

Qwen2.5-0.5B (baseline) 0.0 0.0
+ 7B [random] 0.0 0.0
+ 7B [both-correct] 0.0 0.0
+ 7B [both-wrong] 0.0 0.0
+ 14B [random] 0.0 0.0
+ 14B [both-correct] 3.3 0.0
+ 14B [both-wrong] 0.0 0.0

Qwen2.5-3B (baseline) 6.7 0.0
+ 7B [random] 3.3 0.0
+ 7B [both-correct] 10.0 0.0
+ 7B [both-wrong] 10.0 3.3
+ 14B [random] 6.7 3.3
+ 14B [both-correct] 6.7 0.0
+ 14B [both-wrong] 6.7 0.0

Table 10: Pass@1 accuracy on AIME24 (n=30) and
AIME25 (n=30) for the correctness-controlled runs of
Table 2.
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