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Abstract

On-policy distillation (OPD) has become a standard component of frontier
post-training pipelines, yet how much its training data actually contributes
has gone largely unexamined. On the two teacher–student pairings most
common in practice, we find OPD almost indifferent to its data: eight
prompts already match a 17k-problem dataset, and three independently
built datasets whose difficulty and teacher–student KL differ several-fold
produce nearly indistinguishable training curves. Two causes account for
this. First, the unit of data in OPD is the state a prompt leads to, not
the prompt itself: a single prompt keeps exposing new teacher correction
as sampling continues, while the marginal value of additional prompts
collapses after eight. Second, replacing mathematics with competitive
programming still recovers over ninety percent of the in-domain gain,
indicating that OPD transfers the teacher’s mode of reasoning rather than
knowledge related to the data. We take this to its limit with Data-free
On-policy Distillation (DF-OPD), in which the teacher writes its own
training questions under a simple prompt—no external data, no quality
filtering—leaving a system of just two policies. DF-OPD matches and even
surpasses real data, and the questions it produces track the teacher’s own
post-training data on three key diagnostics of training dynamics, which
other real datasets do not. Applied to multi-teacher distillation, where the
(prompt, domain) pairs normally have to be derived from post-training
data that is often out of reach, 1k self-generated questions close 98.5% of
the available headroom, even surpassing the 96.6% reached with 7k real
examples. Together these results invite a reassessment of the role data plays
in OPD.

1 Introduction

On-policy distillation (OPD) has become a standard component of the post-training pipeline
of frontier foundation models (Yang et al., 2025; Xiao et al., 2026; Zeng et al., 2026; Xu et al.,
2026a). Its appeal is clearest when post-training methods are compared along two axes: the
states on which the student is trained, and how much signal it receives at each of them.
Supervised fine-tuning (SFT) supervises every token, but only on states drawn from fixed
data rather than the ones the student actually reaches at inference time, which leaves it
subject to exposure bias. Reinforcement learning (RL) removes this mismatch by training on
the student’s own rollouts, yet collapses all of its feedback into a single scalar reward at the
end of a trajectory. OPD attains both at once (Agarwal et al., 2024; Gu et al., 2024): on-policy
state visitation, since the student samples its own trajectories, and token-level dense supervision,
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Figure 1: The Data-free OPD framework and its effectiveness. (a) A simple instruction
elicits the training questions from the frozen teacher itself, with no external data involved.
The self-generated questions then serve as the prompts that drive the student’s on-policy
rollouts, and the same teacher supplies token-level guidance along those rollouts. The
pipeline involves nothing but a teacher and a student. (b) Across the two most common
single-teacher settings—a teacher obtained by RL-tuning the student, and a teacher from the
same model family but with larger parameters— 64 self-generated questions match or exceed
OPD trained on all 17k problems of DAPO-Math. (c) Under multi-teacher OPD, 1k self-
generated questions are on par with 7k real post-training examples, ahead on mathematics
and instruction following and slightly behind on code, removing the need to access each
domain teacher’s real post-training data.

since the teacher returns a full next-token distribution at every prefix the student visits (Lu
& Thinking Machines Lab, 2025; Song & Zheng, 2026).

Progress on this paradigm has been driven almost entirely by algorithmic advances (Jin
et al., 2026; Yang et al., 2026a; Heo et al., 2026; Xing et al., 2026; Xie et al., 2026), while the
role of the data itself remains largely uncharted (Song & Zheng, 2026): how much does the
training data actually contribute to OPD? The answer determines both where practitioners
should spend their budget—on collecting data or elsewhere—and whether OPD can be
deployed in settings where high-quality data simply do not exist.

We study this question on the two teacher–student pairings most often used in
practice: an RL-tuned teacher, obtained by post-training the student itself with RL
(DeepSeek-R1-Distill-Qwen-1.5B ← JustRL-DeepSeek-1.5B; Guo et al., 2025; He et al.,
2025), and a larger-parameter teacher from the same model family (Qwen3-1.7B ←
Qwen3-30B-A3B-Instruct-2507; Yang et al., 2025). On both pairings, OPD turns out to
be insensitive to its training data along three axes. In quantity, eight prompts already match
the full 17k-problem training data—56.3 versus 56.4 on the first pairing and 49.9 versus
47.4 on the second—and even a single prompt stays within 3.6 points of it. In difficulty
and information content, DAPO, DeepMath and ORZ—three independently constructed
datasets with almost no overlap in problems, markedly different difficulty profiles, and
initial teacher–student KL differing by a factor of three—produce training curves that are
nearly indistinguishable.

We trace this insensitivity to two causes.

(1) Few prompts do not mean little supervision. The unit of data in OPD is not the prompt,
but the states the prompt leads the student into and the correction the teacher demands
at each of them. Because sampling is on-policy, the same question lands on a different
sequence of states every time it is rolled out, so repeated sampling keeps surfacing new
states and new signal. We make this concrete by measuring how much of the teacher’s
total correction a given batch of states already exposes. Coverage for a single question
keeps rising with the sampling budget and never flattens, whereas the value of adding
more questions saturates after only eight. Dense supervision on an on-policy learner turns a
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handful of prompts into a large amount of supervision, which is why OPD barely notices
how much data it is given.

(2) OPD transfers how the teacher reasons, not what it knows. The clearest evidence
is a cross-domain experiment: replacing the training data entirely with competitive-
programming problems, which share no content with mathematics, still yields mathematical
benchmark performance comparable to in-domain data—a result that is hard to reconcile
with the view that what OPD transfers is knowledge tied to the training data. The same
mechanism explains why the difficulty and information content of the data matter so little.

We push this observation to its limit and propose Data-free On-Policy Distillation (DF-
OPD), an OPD recipe that requires no real external data at all (Figure 1(a)). The entire system
reduces to two policies, the teacher and the student: the teacher writes the training questions
itself under a simple prompt, consulting no external data, and OPD is run directly on them.
DF-OPD matches and even surpasses training on real data (Figure 1(b)), and the same
insensitivity to data quantity carries over intact. Turning to the training dynamics it induces,
we find that self-generated questions track the teacher’s own post-training data closely on
three key diagnostics of OPD training dynamics (Li et al., 2026c), while DeepMath, ORZ
and DeepCoder—equally real, but never seen during the teacher’s post-training—depart
from both. This suggests that the questions a teacher writes under a simple prompt already
carry distillable patterns close to those of the data it was trained on, and that they keep
the student inside the teacher’s trust region—two properties that let self-generated data
perform on par with, or even better than, real data.

This matters because, in practice, one usually inherits only the teacher’s weights, not the
data that produced them (Chen et al., 2026). Multi-teacher distillation (MOPD) (Ma et al.,
2026; Lian et al., 2026; Gao et al., 2026; Yang et al., 2026b) sharpens this constraint. Since
MOPD routes each student trajectory to the teacher that owns its domain, it needs not
merely prompts but prompts paired with domain labels. Without access to each domain
teacher’s post-training data, such pairs are awkward to assemble. DF-OPD supplies these
pairs directly: when each domain teacher generates its own prompts, every prompt inherits
the domain of the teacher that produced it, so no question has to be taken from post-training
data.

We verify this under the three-domain (mathematics, code, instruction following) multi-
teacher setup of Open-MOPD (Gao et al., 2026). The student is SmolLM3-3B-MixSFT, obtained
from SmolLM3-3B (Bakouch et al., 2025) by mixed-domain SFT, and the three domain
teachers SmolLM3-3B-RL-{Math, Code, IF} are each derived from it by single-domain RL.
With 1k self-generated questions the student closes 98.5% of the teacher–student gap, even
ahead of the 96.6% reached with 7k real post-training examples (Figure 1(c)).

As an extension, we further ask whether the question is needed at all, running OPD on
an input that states none. It works, but only sometimes—recovering 62.1% of the gap on
the RL-tuned pairing against only 2.3% on the larger-parameter one. What decides this is
whether the student, given an empty input, can pose a problem of its own and answer it—
which is essentially an implicit form of DF-OPD.

Together, these results invite a reassessment of the role data plays in OPD. And our contri-
butions are as follows.

• On the two most common teacher–student configurations, we show that OPD is
insensitive to the quantity, difficulty and information content of its training data,
and we explain this from two angles: on-policy sampling combined with dense
supervision turns a few samples into a large amount of supervision signal, and
what OPD transfers is the teacher’s mode of reasoning rather than the knowledge
carried by the data.

• Building on this, we propose DF-OPD, in which the training questions are written
entirely by the teacher under a simple prompt, with no external data, so that the
whole system reduces to two policies. DF-OPD performs on par with or even
better than real data, and we further show that self-generated questions mirror the
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teacher’s post-training data on the key training dynamics, evidence that it carries
comparable distillable patterns.

• We apply DF-OPD to multi-teacher distillation, where it removes the need for
(prompt, domain) pairs derived from post-training data that is often inaccessible.
Across mathematics, code and instruction following, 1k self-generated questions
close 98.5% of the teacher–student gap, ahead of the 96.6% obtained with roughly
7k real post-training examples.

2 Preliminaries

2.1 On-Policy Distillation

Given a frozen teacher policy πϕ and a student policy πθ to be trained, OPD aligns the
student to the teacher under the student’s own state distribution: the student first samples a
trajectory from its current policy, and the teacher then scores that trajectory with a token-
level divergence at every state it visits. Formally, let x ∼ D be a training prompt, y =
(y1, . . . , yL) ∼ πθ(· | x) the response sampled by the student, and y<t its first t− 1 tokens.
The two policies share a vocabulary V and each defines a next-token distribution over it.
We refer to the autoregressive context st = (x, y<t) as a state; the OPD objective is defined
over these states:

LOPD(θ) = Ex∼D, y∼πθ(·|x)

[ |y|
∑
t=1

KL
(
πθ(· | st) ∥πϕ(· | st)

)]
. (1)

This form delivers the two properties discussed above. It is on-policy: the state distribution
seen during training coincides with the one encountered at inference, so the exposure bias of
SFT does not arise. And it is densely supervised: the teacher returns a complete next-token
distribution at every position along the trajectory, rather than a single scalar reward at its
end as in RLVR.

Evaluating (1) over the full vocabulary requires transporting a vocabulary-sized distribution
through the training framework at every position, which is prohibitively expensive; in
practice one keeps only the few highest-probability tokens at each position (Fu et al., 2026a).
We take the top-k on the student side, Vt = TopKk

(
πθ(· | st)

)
, and write π̃θ(v | st) = πθ(v |

st)
/

∑u∈Vt πθ(u | st) for the student distribution renormalized over this subset. Define the
per-token teacher–student log-difference

δt(v) = log πϕ(v | st)− log πθ(v | st), v ∈ Vt, (2)

where δt(v) > 0 means that at state st the teacher favors token v more strongly than the
student does. Applying a stop-gradient that treats π̃θ δt as a constant, the objective takes a
policy-gradient-like form

L(θ) = −Ex, y∼πθ

[
1
N ∑

t
∑

v∈Vt

sg
[

π̃θ(v | st) δt(v)
]

log πθ(v | st)

]
, (3)

where N is the total number of supervised tokens. This is the objective we use throughout
the paper.

2.2 Multi-teacher OPD

A recent line of technical reports adopts multi-teacher on-policy distillation (MOPD) as
a way to consolidate several domain experts into a single model, mitigating the domain
conflicts that tend to arise during post-training (Xiao et al., 2026; Xu et al., 2026a). The setting
is as follows. The capabilities the model needs are spread across M domains, indexed by
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d = 1, . . . , M. Each domain has its own teacher πϕd , typically obtained by running RL
on that domain alone starting from a common initial policy π0, which also serves as the
initialization of the student πθ . The goal of MOPD is to merge the capabilities scattered
across these teachers into that one student.

MOPD normally optimizes the same objective as OPD and differs only in how the data
is constructed: every training prompt must additionally carry a domain label d(x) ∈
{1, . . . , M}. At each optimization step the student samples trajectories from its current
policy; each trajectory is hard-routed by its d(x) to the corresponding teacher πϕd(x) , which
performs a single prefill over it to produce per-token distributions, and the student is then
aligned to the routed teacher under the objective of Section 2.1:

LMOPD(θ) = Ex∼D, y∼πθ(·|x)

[ |y|
∑
t=1

KL
(
πθ(· | st) ∥πϕd(x)(· | st)

)]
. (4)

Because MOPD consolidates capabilities by distilling behavior in policy space rather than
by merging models directly in parameter space, it is generally more stable and better at
preserving per-domain performance (Xiao et al., 2026).

3 The Sensitivity of OPD to Its Training Data: Quantity, Difficulty and
Information Content

How much does OPD actually depend on the data it is trained on? We answer this by
varying that data along three axes: quantity, the number of prompts it contains; difficulty,
how hard those prompts are for the student; and information content, how far the student’s
behavior on them is from the teacher’s. The training curves barely move along any of the
three, and we trace this insensitivity to two causes.

3.1 Experimental Setup

Models. We experiment with two teacher–student pairings. In the first, the student is
DeepSeek-R1-Distill-Qwen-1.5B and the teacher is JustRL-DeepSeek-1.5B (He et al., 2025),
obtained from the student by GRPO post-training on DAPO-Math-17k. In the second,
the student is Qwen3-1.7B and the teacher is Qwen3-30B-A3B-Instruct-2507 (Yang et al.,
2025). The two correspond to the configurations most often met in OPD practice: the
RL-tuned teacher, where the teacher is the student’s own RL-post-trained self, and the
larger-parameter teacher, where teacher and student come from the same model family but
the teacher has larger parameters.

Data. We use four independently constructed training datasets: DAPO-Math-17k (Yu et al.,
2026), DeepMath (He et al., 2026b), ORZ (Hu et al., 2026) and DeepCoder (Luo et al., 2025).
The first three are all mathematical, yet their problems barely overlap and their difficulty
distributions differ; DeepCoder consists of competitive-programming problems and is the
only out-of-domain one. From each of them we draw, under a common random seed, five
subsets D1, D8, D64, D256 and D1000, the subscript giving the number of problems in that
subset. Dataset sizes, cleaning and subsampling procedures, and summary statistics are
reported in the appendix.

Training. All experiments build on the open-source verl framework (Sheng et al., 2025),
optimizing the reverse-KL objective of Section 2.1 with k = 16. The maximum generation
length during training is 7,168 tokens, we sample four responses per prompt, and the
batch size is 64 prompts. For subsets smaller than one batch we repeat problems until the
batch is full, so that every subset sees exactly the same number of trajectories and gradient
updates per step. Since Qwen3-30B-A3B-Instruct-2507 is a non-thinking model, we follow
Ex-OPD (Yang et al., 2026a) and disable thinking mode in Qwen3-1.7B, keeping teacher and
student in the same mode. Remaining hyperparameters are reported in the appendix.
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Figure 2: The gain from OPD barely changes with the amount of training data. Both
pairings are trained on DAPO. (a) RL-tuned teacher pairing; (b) larger-parameter teacher
pairing. The horizontal axis is the OPD step and the vertical axis the unweighted mean over
the six mathematics benchmarks, validated every 15 steps. Curves run from light to dark
for |D| = 1 through 1k, with dark grey for all 17k problems; the red dashed line marks the
teacher and the grey dotted line the student’s starting point. The pale blue band spans two
independent draws at |D| = 1 (different problems, same training seed).

Evaluation. We evaluate on six mathematics benchmarks comprising 1,590 problems in
total: AIME24 (AI-MO, 2024a), AIME25 (OpenCompass, 2025), AMC23 (AI-MO, 2024b),
MATH-500 (Hendrycks et al., 2021; Lightman et al., 2024), Minerva (Lewkowycz et al., 2022)
and Olympiad-Bench (He et al., 2024), averaging over eight samples per problem. Unless
stated otherwise, the accuracy we report is the unweighted mean over the six benchmarks.
The decoding length limit is 16,384 tokens, so that truncation does not distort our estimate
of a model’s true ability. Decoding hyperparameters are reported in the appendix.

3.2 OPD Is Insensitive to the Amount of Data

Here the only variable is how much data the student is trained on. For each teacher–student
pairing we run OPD for 180 steps on the five subsets D1 through D1000 drawn from DAPO
and on all 17k problems, evaluating every 15 steps; everything else follows Section 3.1.
Subsets smaller than one batch are repeated to fill it, so all settings consume the same
number of trajectories and gradient updates at any given step and the curves can be read
against each other. We report the peak over the whole window, and write |D| for the number
of problems in a subset.

Eight problems already match the full dataset. Figure 2 shows the curves for |D| ≥ 8
lying almost on top of one another. On the RL-tuned pairing, |D| = 8/64/256/1k peak at
56.3/57.7/57.6/57.4 against 56.4 for all 17k problems; on the larger-parameter pairing, at
49.9/48.1/48.0 against 47.4.

Even a single problem recovers most of the gain. At |D| = 1 the two pairings reach 54.3
and 48.4. However, this also depends on which problem is drawn: resampling it once with
a different problem and the same training seed—the pale blue band in Figure 2—gives 52.8
and 45.4, or 62% and 85%. The resulting 1.5 and 3.0 point spread within the tier already
exceeds the spread across all tiers with |D| ≥ 8. By eight problems, this dependence on the
particular problem has essentially vanished.
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Figure 3: How the three datasets differ in difficulty and information content, and the
OPD curves they produce. (a) The student’s initial pass rate on each dataset; lower means
the dataset is harder for it. (b) The initial teacher–student response-level KL; higher means
the dataset carries more information for the student. Both are measured on the RL-tuned
pairing with the student held at its initial weights. (c) Training curves of the RL-tuned
pairing on DeepMath and ORZ at |D| = 1/64/1k; (d) the same for the larger-parameter
pairing.

3.3 OPD Is Insensitive to Difficulty and Information Content

Beyond sheer size, does it matter what the data is? Holding the pairings and all hyperparam-
eters fixed, we swap the training data for two other independently constructed mathematical
datasets, DeepMath and ORZ, drawing subsets exactly as in Section 3.1.

The three differ sharply in difficulty and information content, yet their training
curves coincide. Figures 3a and 3b report two measurements, both taken at the stu-
dent’s initial weights. The student’s initial pass rate on DAPO, DeepMath and ORZ is
0.461/0.620/0.689, making DAPO by far the hardest; the initial teacher–student response-
level KL is 0.268/0.089/0.132, a threefold spread in how much correction the teacher has
to offer per trajectory. Yet Figures 2, 3c and 3d show the three to be indistinguishable at
matched |D|.

3.4 Analysis

Why does scaling the training data by three orders of magnitude, or replacing it wholesale
with data of very different difficulty and information content, leave the outcome essentially
unchanged? We offer two explanations.
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Figure 4: Signal coverage reached by different amounts of training data across sampling
budgets. Measured on the RL-tuned pairing with problems from DAPO and the student
held at its initial weights. The horizontal axis is the sampling budget in trajectories and the
vertical axis the signal coverage, the fraction of the teacher’s total correction exposed by
the states those trajectories visit; curves run from light to dark for |D| = 1 through 1k, and
error bars give the standard deviation over six random draws. The arrows at the right give
the increment between each pair of adjacent tiers at the largest budget: the step from one
problem to eight is worth +0.141, while the three steps after it—together a 125-fold increase
in problems—add only +0.039, +0.009 and +0.031.

3.4.1 A Few Samples Already Produce a Large Amount of Supervision

The unit of data in OPD is the state a problem leads to, not the problem itself. Supervision
is applied at every state the student’s trajectory passes through, so how much supervision a
problem provides depends on how many distinct states it leads the student into and how
large a correction the teacher demands at each. And because sampling is on-policy, every
rollout of the same problem lands on a different sequence of states, so repeated sampling
keeps producing new ones.

We therefore measure how much of the teacher’s total correction a batch of states exposes,
which we call signal coverage (defined in the appendix). The measurement is made on the
RL-tuned pairing with problems from DAPO and the student held at its initial weights: for
each tier we roll out trajectories under a given sampling budget and score them against a
held-out reference set disjoint from every tier’s problems, averaging each point over six
random draws. Figure 4 reports the result, and two things stand out.

A single problem supplies far more supervision than a single trajectory. Coverage at
|D| = 1 climbs from 0.114 at a budget of one to 0.507 at 4096, gaining roughly 0.04 with
every doubling of the budget.

The marginal value of additional problems decays quickly. At the largest budget, going
from one problem to eight adds 0.141 coverage, whereas the subsequent 125-fold increase
in problems adds only 0.079; per added problem, the marginal contribution falls from
2.0× 10−2 to 8.0× 10−5, a factor of more than two hundred.

Together these account for Section 3.2: few problems do not mean little supervision. Re-
peated on-policy sampling drives the supervision a single problem yields far up, and beyond
eight problems their number is no longer the bottleneck.

3.4.2 OPD Transfers a Mode of Reasoning, Not Knowledge

If what OPD transfers were the knowledge carried by the training data, training on data
unrelated to mathematics should not improve mathematics. We therefore replace the

8
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Figure 5: OPD curves on out-of-domain data, and their peaks against in-domain data.
(a) Training curves of the RL-tuned pairing on DeepCoder at |D| = 1/64/1k; (b) the same
for the larger-parameter pairing. The vertical axis is the unweighted mean over the six
mathematics benchmarks—training is on competitive programming throughout, evaluation
always on mathematics—validated every 15 steps; (c) One panel per pairing, comparing
the peak reached in domain (DAPO, dark blue) against out of domain (DeepCoder, grey) at
each tier; the gap narrows as the tier grows.

training data wholesale with the competitive-programming problems of DeepCoder, leaving
everything else unchanged and still evaluating on the six mathematics benchmarks.

Out-of-domain data comes close to in-domain data. Figures 2, 5a and 5b show competitive-
programming problems carrying both students to roughly the level reached in domain.
Figure 5c compares them tier by tier: at |D| = 1/64/1k, out-of-domain trails in-domain
by 1.7/1.6/0.4 points on the RL-tuned pairing and by 4.0/2.8/1.1 points on the larger-
parameter one. Crossing domains does cost something, but only 0.4 to 4.0 points, and the
gap narrows as problems are added; for scale, the two teacher–student gaps are 14.4 and
41.0 points. Measured as gain over the student’s starting point, out-of-domain data recovers
96% and 92% of the in-domain gain at |D| = 1k.

What is transferred is the teacher’s way of reasoning, not knowledge contained in the
data. That a dataset sharing no content whatsoever with mathematics recovers over ninety
percent of the in-domain gain is hard to explain unless what the student picks up is how
the teacher reasons through a problem rather than anything the data encodes. This also
accounts for Section 3.3: if what is transferred is independent of the content of the data, then
the difficulty and information content of that data matter correspondingly little.

4 Data-free On-policy Distillation

Section 3 showed OPD to be insensitive to the quantity, difficulty and information content
of its training data. If so, must the training questions come from outside at all? This section
takes the question to its limit: we let the teacher write its own, leaving the whole system
with just two models, a teacher and a student.

4.1 Running OPD Directly on Self-generated Questions

All training questions are produced by the teacher of the pairing itself. We give the teacher
a single simple instruction asking it to write a problem and provide nothing else: no seed
examples and no retrieval from any external data. What comes back is neither checked for
correctness nor filtered for quality. Each pairing uses its own teacher and the two pools are
never shared; the prompts, the decoding procedure and the format-level filtering are given
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Figure 6: OPD trained on the teacher’s self-generated questions, and its peaks against the
full real dataset. (a) Training curves of the RL-tuned pairing on self-generated questions at
|D| = 1/8/64/1k; (b) the same for the larger-parameter pairing. All questions are written
by the teacher of the respective pairing under a simple prompt; (c) One panel per pairing:
the dark blue bar on the left is the peak reached with the full real dataset DAPO-Math-17k,
and the four grey bars on the right are the peaks reached with self-generated questions at
each tier.

in Appendix ??. From the generated pool we cut |D| = 1/8/64/1k exactly as in Section 3.1,
leaving everything else unchanged.

Self-generated questions match and even surpass the full real dataset. Figures 6a and 6b
give the training curves at the four tiers, and Figure 6c compares their peaks against the full
real dataset (DAPO-Math-17k). On the RL-tuned pairing, self-generated |D| = 64 and 1k
reach 56.6 and 56.4 against 56.4 for the full real data; on the larger-parameter pairing the
four tiers reach 48.6/49.5/49.2/49.1, all above the 47.4 of the full real data and by as much
as 2.1 points.

The insensitivity of Section 3.2 carries over intact. On self-generated data, a single question
recovers 72% and 110% of the gain the full real dataset delivers, and eight questions recover
83% and 116%; the relation between tiers is the same as on real data. Removing the
dependence on external data does not change how OPD responds to the amount of it.

4.2 Self-generated Questions Induce the Training Dynamics of Post-training Data

Why do self-generated questions work? We turn to the training dynamics they induce. The
analysis is confined to the RL-tuned pairing, the only one of the two for which the teacher’s
real post-training data (DAPO) is available. To keep the conclusion from hinging on a
handful of questions, all five datasets are taken at |D| = 1k. We track three key diagnostics
of OPD training dynamics (Li et al., 2026c): student top-k KL, top-k overlap, and student
overlap mass, all defined in the appendix.

The five curves split into two groups, and what separates them is where the questions
come from, not what domain they are in. Figure 7 shows the similar pattern of self-
generated data and DAPO: their initial student top-k KL is 0.32 and 0.26, their initial top-k
overlap 0.72 and 0.72, and their student overlap mass 0.023 and 0.019. DeepMath, ORZ and
DeepCoder form the other group, at 0.09–0.13, 0.82–0.84 and 0.006–0.008. These three are
equally real and two of them are even in domain, yet on all three diagnostics the dynamics
they induce stay far from those of the teacher’s post-training data and its self-generated
questions alike.

Questions a teacher writes under a simple prompt therefore appear to carry distillable
patterns close to those of the teacher’s own post-training data. And because the questions
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Figure 7: Training dynamics induced by real post-training data and by self-generated
questions. (a) student top-k KL; (b) top-k overlap; (c) student overlap mass, all three defined
in the appendix. The five curves in each panel follow the same pairing (RL-tuned) training
on five datasets at |D| = 1k: the two dark curves are the teacher’s own data—its real
post-training data DAPO and the questions it generates itself—while the three pale curves
are DeepMath, ORZ and DeepCoder.

come from the teacher itself, the states they lead the student into are more likely to lie within
its trust region. Together these two account for why self-generated data performs on par
with, or better than, real data.

5 Data-free Multi-teacher On-policy Distillation

MOPD needs more than prompts: each prompt must come with the domain label that routes
it. In practice the domain teachers’ post-training data is often out of reach, and these pairs
then have to be pieced together from something else. DF-OPD closes exactly this gap: let
each domain teacher write its own questions, and the domain label comes for free from
whoever wrote them, with no question taken from post-training data. We test this in the
three-domain setting—mathematics, code and instruction following—of Open-MOPD.

5.1 Experimental Setup

Models. We build the multi-teacher setting from the open recipe of Open-MOPD (Gao et al.,
2026). Starting from SmolLM3-3B-Base (Bakouch et al., 2025), we first run SFT on mixed-
domain data to obtain πmixsft, and then run RL from πmixsft separately on mathematics,
code and instruction following to obtain the three domain teachers πmath, πcode and πIF.
The student in the MOPD stage is initialized from πmixsft as well, so student and teachers
share a common starting point.

Data. We compare two kinds of training data. The first is real post-training data: a 7k subset
drawn at random from the post-training data released with Open-MOPD (Gao et al., 2026),
comprising 1,540 / 1,870 / 4,048 problems for mathematics / code / instruction following.
The second is produced by the domain teachers themselves, following the procedure of
Section 4.1; we again cut |D| = 8/64/256/1000, where |D| now counts problems across
all three domains and is split among them in the same proportions as the real data. The
generation prompt is given in the appendix.

Training and evaluation. For training we adopt the objective and the key hyperparameters
of Open-MOPD (Gao et al., 2026). For evaluation we report the three domains separately:
mathematics on AIME25 (OpenCompass, 2025) and AIME26 (Zhang & Math-AI Team, 2026)
(avg@16), code on LiveCodeBench v5 and v6 (Jain et al., 2025) (avg@5), and instruction
following on IFEval (Zhou et al., 2023b) and IFBench (Pyatkin et al., 2026). Within a domain
we take the plain average of the two benchmarks, and Total is the macro average over the
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Table 1: Multi-teacher distillation: real post-training data against self-generated questions.
Mathematics is scored as avg@16 over AIME25 and AIME26 (30 problems each, temperature
0.6), code as avg@5 over LiveCodeBench v5 and v6 (167 and 175 problems, temperature
1.0), and instruction following as the mean of IFEval and IFBench (541 and 300 problems).
Each domain score is the unweighted mean of its two benchmarks, and Total the macro
average over the three. Rec. is the recovery rate of (5), expressing the gain over πmixsft
as a fraction of RouteRL’s 7.22-point headroom. The (math/code/IF) column reports the
per-domain problem counts, whose sum is the size of the training set. Every MOPD row is
the checkpoint attaining the highest Total, selected on the benchmarks reported here; no
held-out selection set was used.

Mathematics Code Instr. following

Method (math/code/IF) AIME25 AIME26 avg@16 LCBv5 LCBv6 avg@5 IFEval IFB avg Total Rec.

Student πmixsft — 16.88 14.79 15.83 15.09 16.46 15.77 68.02 14.00 41.01 24.21 —
Teacher πϕmath — 24.79 21.25 23.02 — — — — — — — —
Teacher πϕcode — — — — 22.87 22.17 22.52 — — — — —
Teacher πϕIF — — — — — — — 74.12 23.33 48.73 — —
RouteRL (ceiling) — 24.79 21.25 23.02 22.87 22.17 22.52 74.12 23.33 48.73 31.42 100%

MOPD w/ post-training data 1,540 / 1,870 / 4,048 24.58 21.46 23.02 22.51 20.91 21.71 75.60 22.00 48.80 31.18 96.6%
self-gen |D| = 8 2 / 2 / 4 24.38 22.50 23.44 19.16 20.11 19.64 71.16 20.67 45.92 29.66 75.6%
self-gen |D| = 64 13 / 16 / 35 23.75 21.46 22.60 20.72 21.03 20.87 73.01 22.00 47.51 30.33 84.8%
self-gen |D| = 256 53 / 64 / 139 25.62 21.46 23.54 20.96 21.03 20.99 73.38 22.33 47.86 30.80 91.3%
self-gen |D| = 1k 206 / 251 / 543 25.83 21.88 23.85 21.32 21.03 21.17 72.83 25.00 48.91 31.31 98.5%
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Figure 8: Per-domain training curves under MOPD. The dashed grey curve is trained
on the 7,458 real post-training examples, the solid orange curve on 1,000 self-generated
questions. (a) mathematics, as avg@16 over AIME25 and AIME26; (b) code, as avg@5 over
LiveCodeBench v5 and v6; (c) instruction following, as the mean of IFEval and IFBench. In
every panel the red dashed line marks that domain’s teacher and the grey dotted line the
student at step 0.

three domains. As a second headline number we report the recovery rate, the fraction of the
available headroom the student closes relative to its own starting point:

Rec. =
Total− Total(πmixsft)

Total(RouteRL)− Total(πmixsft)
, (5)

where RouteRL hands every test problem directly to the teacher that owns its domain and
serves as the reference ceiling for MOPD in this setting. Decoding hyperparameters are
given in the appendix.

5.2 Results

1k self-generated questions match and then overtake 7k real post-training examples.
Table 1 gives the full results and Figure 8 the per-domain training curves. At |D| = 1k—13%
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Figure 9: Per-domain performance as the amount of self-generated data grows. Curves
run from light to dark for |D| = 8, 64, 256 and 1,000, each counted across the three domains
and split among them in the proportions given in Table 1. Axes and reference lines are as in
Figure 8: (a) mathematics; (b) code; (c) instruction following.

the size of the real data—self-generated questions reach a Total of 31.31 and recover 98.5%
of the available headroom, ahead of the 31.18 (96.6%) obtained with the real post-training
data. Per domain, self-generated data comes out higher on mathematics (111.6% against
100.0%) and instruction following (102.4% against 100.9%), and is behind only on code
(80.0% against 88.0%). Assembling the (prompt, domain) pairs that MOPD needs therefore
does not require the questions from the domain teachers’ post-training data.

Marginal returns decay more slowly under MOPD than with a single teacher. Fig-
ure 9 tracks the four tiers across the three domains. |D| = 8/64/256/1000 recover
75.6%/84.8%/91.3%/98.5%, and it takes around a thousand questions to catch the 96.6% of
the real data, whereas with a single teacher eight problems already matched the full dataset
(Section 3.2). We see two reasons. First, |D| here is summed over three domains: |D| = 8
leaves only 2/2/4 problems per domain, which is not comparable to eight problems within
a single one. Second, domains in MOPD interfere with one another (Chen et al., 2026; Gao
et al., 2026; Ma et al., 2026; Hou et al., 2026a), so more questions are needed to cover enough
of the state space inside each domain to support stable distillation.

6 Can OPD Train on No Question at All?

We take the investigation one step further: can OPD train reliably on an input that states no
question at all—that is, on the base template itself, as in One-shot OPD (Fu et al., 2026b)?

We run this on all three settings: the RL-tuned and the larger-parameter pairing of Section 4,
and the three-domain MOPD of Section 5. Figure 10 shows the base template of each. Every
one is what that model’s own chat template produces from an empty user turn, and carries
no question content. Under MOPD the three domains share an identical input and the
domain label serves only to route a sample to its teacher; the per-domain proportions match
those of the self-generated and the real data (20.6 : 25.1 : 54.3), so that the mixture ratio itself
is not a confound.

Table 2 summarises the results, with the training curves in Appendix ??. On
DeepSeek-R1-Distill-Qwen-1.5B ← JustRL-DeepSeek-1.5B the base template recovers
62.1% of the student–teacher gap, indeed the same order as self-generated questions (66.4%)
and real data (65.0%). On Qwen3-1.7B← Qwen3-30B-A3B-Instruct-2507, however, it recov-
ers a mere 2.3% over 180 steps, the curve never leaving the noise around its starting point
(Figure ??b). Under MOPD it does train, but its 25.9% falls far short of both self-generated
questions (98.5%) and real data (96.6%). These results suggest that the effect of the base
template has to be judged case by case, and that it may not be a general recipe.
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(a) RL-tuned Teacher — DeepSeek-R1-Distill-Qwen-1.5B

<|begin_of_sentence|><|User|><|Assistant|><think>\n

(b) Larger-parameter Teacher — Qwen3-1.7B

<|im_start|>user\n<|im_end|>\n<|im_start|>assistant\n<think>\n\n</think>\n\n

(c) MOPD — SmolLM3-3B-MixSFT

<|im_start|>system\n<|im_end|>\n<|im_start|>user\n<|im_end|>\n<|im_start|>assistant\n

Figure 10: The base template of each Student model. Every template is the output
of that model’s own tokenizer given an empty user turn, namely: (a) the base tem-
plate of DeepSeek-R1-Distill-Qwen-1.5B from the setting of RL-tuned Teacher; (b) that
of Qwen3-1.7B from the setting of Larger-parameter Teacher; (c) that of SmolLM3-3B-MixSFT
from the setting of MOPD.

Table 2: Base template against self-generated and real data. Score is the macro average over
the six mathematics benchmarks for the two single-teacher pairings and the three-domain
macro for MOPD. Recovery is measured against each setting’s own ceiling: the teacher for
the single-teacher pairings, and the per-domain teacher composition (RouteRL) for MOPD.

Setting Training input Score Recovery

RL-tuned Teacher
R1-Distill-1.5B← JustRL-1.5B

Base template 56.00 62.1%
Self-generated (|D|=64) 56.61 66.4%
Real data (DAPO-17.9k) 56.41 65.0%

Larger-parameter Teacher
Qwen3-1.7B← Qwen3-30B-A3B

Base template 35.44 2.3%
Self-generated (|D|=64) 49.16 35.8%
Real data (DAPO-17.9k) 47.36 31.4%

MOPD (three teachers)
SmolLM3-3B-MixSFT

Base template 26.07 25.9%
Self-generated (|D|=1k) 31.31 98.5%
Real data (7,458) 31.18 96.6%
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Figure 11: Base-template recovery
tracks self-QA rate. Bars: self-QA
over 1,024 samples (left axis). Line:
base-template recovery (right axis).

To see what makes the base template effective in
some settings but not others, we sampled each
Student 1,024 times on its own base template
and examined the resulting trajectories in detail.
DeepSeek-R1-Distill-Qwen-1.5B turns out to pose its
own problem and then solve it at a high rate: given a
prompt that states no question, it writes one itself and
works it through, as in Figure 12a, where it poses an
asymptote problem and carries it to y = 0. Measuring
how often this happens (criteria in Appendix ??) gives
62.0% for DeepSeek-R1-Distill-Qwen-1.5B, but only
11.8% for SmolLM3-3B-MixSFT and 0.1% for Qwen3-1.7B,
whose dominant response (85.4%) is instead to ask for
the missing question (Figure 12b). These three rates are strictly ordered with the recoveries
in Table 2 (62.1%, 25.9%, 2.3%) and span three different teacher–student pairings (Figure 11),
so how well the base template works is closely tied to how readily the Student poses its own
problem and then solves it. Appendix ?? discusses further why these Students differ in this
respect.
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(a) Self-QA — DeepSeek-R1-Distill-Qwen-1.5B

input
<|begin_of_sentence|><|User|><|Assistant|><think>\n

rollout (1,226 tokens)
Find the vertical and horizontal asymptotes of f(x) = (x+6)/(xˆ2+6x+11).

Vertical: set xˆ2+6x+11 = 0; discriminant 36-44 = -8 < 0, so there is no real root.
[. . . ]
Horizontal: deg(num) 1 < deg(den) 2.

Answer: y = 0, no vertical asymptote.

(b) Refusal — Qwen3-1.7B

input
<|im_start|>user\n<|im_end|>\n<|im_start|>assistant\n<think>\n\n</think>\n\n

rollout (14 tokens)
Sure! Please provide the question you’d like me to answer.

Figure 12: Two responses to an input that states no question. Each panel gives the base
template fed to the Student and the rollout it produced. (a) DeepSeek-R1-Distill-Qwen-1.5B
states an asymptote problem of its own and works it through, producing the long reasoning
chain the teacher then supervises; the derivation is abridged here. (b) Qwen3-1.7B instead
stops after fourteen tokens to ask for the missing question, leaving almost nothing to distil.
Both rollouts are verbatim.

Overall, the effect of the base template stems less from the template itself than from the
tendency of some Students to pose their own problems when given an out-of-distribution,
empty input. Such a pattern essentially degenerates into an implicit form of DF-OPD, except
that the questions are written by the Student rather than the teacher, where neither their
number nor their quality is under any control. DF-OPD, in contrast, is not restricted to
particular Students: it obtains its training questions from the teacher directly, and is both
more general and markedly stronger.

7 Related Work

On-policy distillation. OPD was established by MiniLLM (Gu et al., 2024) and GKD (Agar-
wal et al., 2024): the former optimizes the teacher–student divergence on the student’s own
rollouts by policy gradient under a reverse KL, the latter generalizes this to a family of
divergences and to mixed on- and off-policy sampling. The combination of on-policy state
visitation with token-level dense supervision has since made OPD a standard component of
frontier post-training pipelines (Yang et al., 2025; Xiao et al., 2026; Zeng et al., 2026; Xu et al.,
2026a), and subsequent work has been largely algorithmic (Song & Zheng, 2026). One line
refines the supervision signal itself, identifying which tokens are worth learning (Xu et al.,
2026b; Wang et al., 2026c) or extracting a more task-relevant signal from the teacher–student
difference (Heo et al., 2026). A second adjusts the objective and training stability, reading
OPD as RL under a dense KL constraint and amplifying the implicit reward so as to pass
the teacher’s own ceiling (Yang et al., 2026a), or keeping the student from drifting out of
the teacher’s high-confidence region (Xing et al., 2026; Xie et al., 2026). A third widens
its scope, adapting OPD to multi-turn agentic settings (Wang et al., 2026a; Li et al., 2026b;
Zhong et al., 2026) or to teacher–student pairs with mismatched tokenizers (Sun et al., 2026).
Multi-teacher distillation (MOPD) extends the paradigm to consolidating capabilities across
domains (Ma et al., 2026; Chen et al., 2026; Gao et al., 2026; Yang et al., 2026b): compared
with merging experts directly in parameter space (Ilharco et al., 2022; Yadav et al., 2023), it
carries out the consolidation in policy space, which is generally more stable and better at
preserving per-domain ability (Ma et al., 2026).
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Data in post-training. Data-centric studies so far come mainly from SFT and RLVR. One
line uses influence functions or quality scores to select a more valuable subset from a given
pool (Xia et al., 2024; Chen et al., 2024); another shows that very few examples suffice to
elicit alignment and reasoning (Zhou et al., 2023a; Ye et al., 2025; Muennighoff et al., 2025;
Li et al., 2025; Wang et al., 2026b). Their forms of supervision—a reference solution in SFT,
a sparse outcome reward in RL—differ from the dense target OPD places at every visited
state, which is why data in OPD warrants study of its own. A few works have approached
the data side of OPD, through the mixing ratio of problems (Hou et al., 2026a) or their
ordering (Zhu et al., 2026), but they share the premises of the SFT and RLVR literature above:
that the composition of the data materially affects OPD, and that an external pool must exist
in the first place and is therefore worth optimizing within. Following One-shot RLVR (Wang
et al., 2026b), we assume neither, and ask directly how much of the difference in outcome
the quantity, difficulty and information content of the data can explain (Section 3), and then
whether the training questions need come from outside at all (Section 4). Two concurrent
works examine the same premise: One-shot OPD (Fu et al., 2026b) explains the effectiveness
of few samples through state coverage, and What Matters in OPD (Hou et al., 2026b) derives
a data-selection method from instance difficulty and CoT length. We differ in not stopping
at whether a state is visited, but measuring how much of the total distillation signal the
visited states expose (Section 3.4.1), and in showing that what OPD transfers is the teacher’s
mode of reasoning rather than the knowledge the data contains (Section 3.4.2). We then
push this insensitivity to questions produced entirely by the teacher, matching or beating
real data in both single- and multi-teacher distillation (Sections 4 and 5).

Synthetic data. A persistent line of work reduces the reliance of post-training on human-
written data. On the input side, Self-Instruct (Wang et al., 2023) and Evol-Instruct (Xu
et al., 2024) bootstrap instructions from a seed set, Magpie (Xu et al., 2025) shows that a
chat-template prefix alone is enough to elicit complete instruction–response pairs from
an aligned model, and self-play training (Zhao et al., 2025; Huang et al., 2026; Li et al.,
2026a) has models propose their own tasks. On the label side, a body of work removes
the dependence of RL on verifiable rewards, substituting the model’s own confidence or
entropy (Zhao et al., 2026), majority agreement across samples (Zuo et al., 2025), or asking
outright how far RLVR can go with no labels at all (He et al., 2026a). We differ from both
sides: OPD in its standard form already draws no supervision from labels, and our self-
generated prompts use no seed set and receive no quality filtering, the aim being to push
the analysis of OPD’s sensitivity to data to its extreme.

8 Conclusion

We asked how much OPD owes to its training data, and the answer turns out to be: remark-
ably little. Along quantity, difficulty and information content the training curves barely
move, because dense supervision on an on-policy learner turns a handful of prompts into a
large amount of signal, and because what crosses from teacher to student is a way of reason-
ing rather than the content of the data. Taken to its limit, this removes the external dataset
altogether: a teacher asked to write its own questions supplies training data that matches,
and even beats, real data—both in single-teacher distillation and in the multi-teacher setting,
where (prompt, domain) pairs are otherwise hardest to come by. Removing the question as
well is where this stops: an input that states none trains a student only where that student
happens to supply one itself. Collectively these results reframe the question about data in
OPD.
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