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Abstract

On-policy self-distillation has recently established
as an important method to improve the reason-
ing capabilities of LLMs. It strength comes
from using the in-context capabilities of LLMs
such that the learning models can be used as a
teacher to incorporate knowledge from successful
demonstrations or feedback. We show that this
could come at a cost, when using sampled demon-
strations we observe a decrease in output diver-
sity. This is due to compounding biases, there
is an implicit matching problem between sam-
pled demonstration and student rollouts that is
modulated through the models own biases. We
theoretically analyze the optimal self-distillation
policy and show that it tilts the base distribution
by a pointwise conditional mutual information
score between the student’s rollout and the cor-
rect rollout used as context. Unlike the ideal
optimal on-policy reinforcement learning (RL),
which preserves probability ratios among equally
correct rollouts, self-distillation can amplify ex-
isting probability gaps, concentrating mass on
already-dominant modes. On a controlled graph
path-finding task and science question-answering
benchmarks, self-distilled confirms this pattern:
competitive average performance but substantially
lower functional and semantic diversity than RL
models, and failure on out-of-distribution settings
that require diverse strategies.

1. Introduction

Current LLM post-training approaches to instill capabil-
ities in models have different tradeoffs, with supervised
fine-tuning (SFT) learning initial behaviors and on-policy
RL methods refining and exploring new approaches (Zhang
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et al., 2025). In between, on-policy distillation (Agarwal
etal.,2024; Lu & Lab, 2025) uses a stronger teacher to guide
a student using student-generated data. Self-distillation goes
further by eliminating the external teacher entirely: the
same model, conditioned on privileged information, such
as a correct solution or environmental feedback, provides
dense token-level feedback on the student’s own generations.
Recent methods, including SDPO (Hiibotter et al., 2026),
SDFT (Shenfeld et al., 2026), OPSD (Zhao et al., 2026; Pe-
naloza et al., 2026), and OPCD (Ye et al., 2026), instantiate
this approach, achieving strong performance across several
tasks such as scientific question-answering, continual learn-
ing tasks, and agentic tasks.

In this paper, we investigate a specific case, Self-Distillation
with Sampled Demonstrations (SDSD) where student roll-
outs are guided by a teacher with demonstrations in its
context. The demonstrations could come from correct stu-
dent rollouts (exactly the setup of Hiibotter et al. (2026)
with student demonstrations) or from external models (Zhao
et al., 2026; Penaloza et al., 2026). Here, we find that good
accuracy might come at a hidden cost. SDSD models with
sampled demonstrations exhibit pass @k curves with small
or nearly flat slopes (Figure 3, Figure 4): generating more
rollouts fails to solve new problems. By contrast, models
trained with on-policy RL (e.g., GRPO) show steep pass @k
improvement, where each additional sample meaningfully
increases problem coverage. SDSD could thus trade rollout
diversity for average accuracy.

We argue that SDSD introduces compounding sources of
bias that can progressively reduce rollout diversity. Intu-
itively, a rollout is more aligned with a demonstration when
the two share more structural or stylistic features, caus-
ing the teacher conditioned on that demonstration to as-
sign it higher probability and therefore reinforce it more
strongly during training. This creates a bias toward solu-
tions that resemble the sampled demonstrations. In particu-
lar, a teacher may struggle to effectively guide a correct but
unconventional rollout when conditioned on a more stan-
dard or canonical demonstration, simply because the two
trajectories share fewer common patterns. As a result, dis-
tinctive yet valid solution strategies receive weaker learning
signals. Over repeated training updates, this preference can
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Figure 1. RL and self-distillation treat correct rollouts differently, with consequences for rollout diversity. Left: A binary verifier gives
equal reward to all correct rollouts, so RL reinforces them uniformly. Middle: Self-distillation conditions the teacher on a sampled correct
rollout, typically the most probable one, so the teacher’s feedback is strongest for similar rollouts and weakest for those taking a different
approach. Right: On a Graph Path finding task, this gap manifests as flatter pass@#k curves for SDSD: generating more rollouts fails to
solve new problems, unlike GRPO where each additional sample meaningfully increases coverage.

compound: rollouts that are more aligned with previously
sampled demonstrations become increasingly reinforced,
while less aligned, but still correct, solutions are gradually
suppressed. We hypothesize that this feedback loop con-
tributes to the reduced rollout diversity and flattened pass@k
scaling observed in SDSD models.

We formalize this effect by deriving the optimal self-
distillation policy (Proposition 3.2). The resulting policy
is a tilted version of the base distribution, where the tilt is
determined by the expected pointwise conditional mutual
information (PCMI) between a student rollout and the sam-
pled demonstration. PCMI measures how much condition-
ing on a demonstration increases the model’s preference for
a particular rollout. Unlike a binary reward, which treats all
correct rollouts equally, PCMI distinguishes among equally
valid solutions and assigns greater weight to rollouts that
are already more compatible with the demonstrations and
the base policy. Consequently, self-distillation with sam-
pled demonstrations can amplify existing probability imbal-
ances: likely rollouts become increasingly likely, while less
common but correct solutions are progressively suppressed,
reducing rollout diversity.

To diagnose the reduced diversity, we use two notions of
diversity beyond token-level entropy. Functional diversity
is the rate at which additional samples solve new problems,
reflected in the slope of pass@k curves. Semantic diversity
measures whether rollouts differ in their high-level strat-
egy (e.g., different paths through a graph, different proof
approaches in math) rather than just surface-level wording.
We show that token-level entropy fails to capture either
notion (§4.4).

Our contributions are:

* We prove that the optimal policy of self-distillation

with sampled demonstrations tilts the base distribution
by expected PCMI rather than reward, and that this
can amplify probability gaps among equally correct
rollouts, a property absent from RL (Proposition 3.2,
Remark 3.3).

* We introduce a graph path-finding environment, in
which semantic diversity, the number of distinct con-
cept categories explored, is precisely measurable
and directly predicts out-of-distribution generalization
(84.1, Fig. 3).

* On graph path-finding and science QA tasks (Feng
et al., 2024), we show that self-distillation achieve
competitive pass@1 but substantially lower func-
tional and semantic diversity than RL, failing on out-
of-distribution tasks that require diverse strategies
(Fig. 3, 4).

2. Background: Self-Distillation with Sampled
Demonstrations

We review the self-distillation with sampled demonstration
framework of Hiibotter et al. (2026), which uses a correctly
verified rollout as privileged context for the teacher. For
each question x, the student policy generates a group of [NV

rollouts Yn ~ 779(' | Jj)., y(l‘) = {yla cee 7yN}

Let C(z) C Y(x) denote the subset verified as correct. For
each rollout y € Y(x), a correct rollout y°°™ € C(z) is
sampled uniformly from this subset and provided to the
teacher as context.

The teacher is an exponential moving average (EMA) of
the student with parameters @, conditioned on the question
z and the correct rollout y°™: m5(- | z,y°", y<¢). The
training objective minimizes the token-level KL divergence
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Self-distillation thus replaces a single scalar reward for the
full sequence with a dense per-token correction signal de-
rived from a context-conditioned version of the model itself.

On-policy RL is mode seeking, SDSD is even more. Any
on-policy method exhibits mode-seeking behavior concen-
trating its rollouts into a smaller subset. SDSD as a reverse
KL objective (Bishop & Nasrabadi, 2006) has the same
behavior, and even more. We show that it has additional
compounding biases making this even more pronounced. In
our setting, self-distillation involves two crucial samplings:
that of the student rollout and that of the demonstration (ei-
ther from the student’s correct rollouts or from an external
source). The alignment between these two introduces a bias
towards common responses. Consider how two student roll-
outs with equal reward, one common and one highly novel,
are treated. It is more likely to sample a demonstration that
resembles the common rollout. Then, the teacher has a bias
to give more probability to rollouts that are similar to its
context, meaning similar to the demonstration. Together
this will lead to the common rollout being upweighted more
than the unique one. This leads to a rich-get-richer (likely
gets likelier) behavior stronger than in standard RL, arising
from both the double sampling and the preferences of the
teacher.

Moreover, while all on-policy methods exhibit mode-
seeking behavior due to optimization, self-distillation
uniquely introduces incentives for loss of diversity even
at the level of the optimal policy.

3. Optimal Policy of Self-Distillation

We derive the optimal self-distillation policy and character-
ize how it differs from standard RL. For ease of presentation,
we use a sequence level objective first, and refer to the Ap-
pendix B for full derivations and token-level presentation
Section B.3. Let x denote the input prompt, y an output se-
quence, and 7o (y | z) the fixed base policy, with the teacher

being a conditioned version thereof. We optimize a stu-
dent policy 7 (y | ). All distributions are assumed strictly
positive on their support.

Proposition 3.1 (Optimal policy for standard KL-regular-
ized RL). The standard RL objective is:

Brr KL(7(- | z) [[ 7o (- [ 2)) .

3)
It is well known (Korbak et al., 2022; Rafailov et al., 2023)
that the optimal policy of this objective is the following tilted
distribution:

max Eyr(|2) [R(y]z)] —

1
rin(y]2) o TFo(y|l’>eXP<ﬁR(y | z>) "
RL

The optimal RL policy consists of the base policy modulated
by the reward. Thus, two rollouts with the same probability
under the base and the same reward will be as likely under
the optimal policy.

We now derive the analogous result for self-distillation. The
teacher is the base policy conditioned on a correct demon-
stration, and the objective is the KL divergence between
student and teacher, with an additional KL penalty to the
base model.

In practice, explicit KL regularization to the base policy is
not always used in RL or self-distillation. However, since
training starts from the base policy and models are rarely
trained to convergence, the policy typically remains close in
KL to its starting point, making this a reasonable modeling
choice.

Let peor: (- | ) denote a reference distribution over correct
demonstrations for input =, from which y°°'" is sampled. In
practice, this can be the empirical distribution over C(x),
the student’s own correct rollouts (§2), or a distribution over
external demonstrations (§4.3).

Let’s define the following objective that takes the expecta-
tion over demonstrations.

Proposition 3.2 (Optimal policy for SDSD-KL). Let the
self-distillation + KL objective:

min Eyeorep,v, |2 [KL(T( [ 2) | To(y | 2, 5°°)
+ BKL(n(-|2) | mo(- | )) -
The optimal policy of (5) is

&)

T spkr(y | z) o< mo(y | z)
1 . corr
exp (H—B Eycorr,vpcorr(, | ) [z(y; Yy | 213)]) , (6)

where the pointwise conditional mutual information (PCMI)
is defined as:
CO!'!')

mo(y|z,y

7
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Figure 2. Ilustrative example: SDSD collapses to a single high-reward mode while GRPO with KL regularization covers both modes.
The environment has two equally-valued reward regions, so an ideal policy would maintain coverage of both.

The RL optimal policy (4) tilts the base policy by the reward.
The self-distillation optimum instead tilts by the expected
PCMI (7): a log-ratio measuring how much more likely
the teacher finds y after conditioning on a demonstration.
When y°°'" is relevant and supports y, the PCMI is positive;
when y°°'" is contradictory to y, it is negative. The base
policy is thus tilted not by task reward, but by the teacher’s
assessment of how well each candidate aligns with correct
demonstrations.

Remark 3.3 (Ratio for two correct sequences under SDS-
D-KL). Let y; and y» be two correct sequences for the
same input x, and suppose mo(y1 |x) = kmo(y2 | x) for
some k£ > 1. Then

Tip.kL (Y1 | T) 1
—=me— L =k exp| ——Eycorpoo (- |2 [
mépxr(y2 [ 7) L4 g vpentle) ®

Z’(yl;yCOI‘I‘ | x) _ Z‘(yQ;yCOI‘I‘ ‘ x):|> .

When does sharpening occur? SDSD-KL preserves the
base-policy ratio k only when the two sequences have the
same expected PCMLI. If the demonstrations y°°™" support
on average y; more than y-, the ratio between the two roll-
outs becomes even larger under self-distillation, leading to
sharpening where likely rollouts become even more likely.
This contrasts with the RL optimal policy (4), which main-
tains the initial ratio of k£ when both rollouts are equally
correct, since the reward tilt cancels out. This shows sharp-
ening occurs when the expected PCMI is higher for the
already-probable rollout. Such rollouts are more likely to
be aligned to the demonstrations, and the teacher shares
the same biases as the student, thus this becomes highly
likely. The same derivations and implication are happening
for the token-level objective, that has bias for sharpening
the distribution of the next-token, leading to loss of diversity
of the whole rollout (see Section B.3 from Appendix).

All on-policy learning methods, like GRPO or self-

distillation have mode seeking behavior due to optimization,
but the previous remark shows that self-distillation has an
optimal policy that can be more sharper than the initial one.

3.1. Illustrative Example: Mode Collapse Under
Self-Distillation

We verify the sharpening predicted by our theory in a min-
imal controlled environment. The action space is D=100
discrete actions split into four quarters: the first and third
quarters are rewarded the other two are not. An ideally
diverse policy would place mass on both rewarded modes.

We parameterize the student policy my over a four-bump
base distribution. The teacher for SDSD is constructed as
gy | y©) x mo(y) - K(y,y°™), where K is a Gaus-
sian kernel centered on a correct sample y°°"™ drawn from
the student’s own correct outputs. This locally upweights
the student’s mass near each observed correct sample, ex-
actly the mechanism that produces PCMI sharpening in our
theory.

Figure 2 shows the result. GRPO recovers both rewarded
modes for any 5 > 0. SDSD collapses to whichever re-
warded region the base policy slightly favors and stays there
for every (3: the more probable region produces more correct
samples, those samples become teacher contexts, and the
teacher’s kernel-shaped feedback reinforces nearby points,
a self-reinforcing loop that no level of KL regularization to
the base undoes.

4. Experiments

4.1. Concept-Graph Setting: Loss of Semantic Diversity
and OOD Performance

We design a controlled setting, challenging for LLMs, with
a precise definition of semantic diversity and a direct link
between diversity and downstream performance.
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Figure 3. In-distribution and Larger Graphs evaluations show Self-Distillation (SD) has good pass@1 performance but the pass @k curve
has a small slope highlighting low functional diversity. The third setup requires the model to have learned diverse rollouts during training,
and is completely unsolved by SD. Additionally, the last two figures show that the explicitly defined semantic diversity of SD is the lowest.

All runs train Qwen3-1.7B models, and we show mean and min/max runs across 3 seeds.

Controlled experimental setting. We introduce a graph
path-finding task, where we generate multiple graphs and
create a query for each one. For each query, we prompt an
LLM with a representation of the graph in context and ask
it to generate a path between two points. See Section B.4
for an example of such query. A graph node represents an
instance of a named concept (e.g., specific birds: heron,
pigeon; fruits: orange, cherry) as seen in Fig. 6a. The graph
has a star structure: a central start node connects to multiple
concept chains, each consisting of nodes from the same
concept (e.g., all birds or all fruits), each ending at a shape
node (e.g., diamond, square). Two of the endpoints have the
same name and represent the target; the remaining two are
distractors. Multiple valid paths to the targets exist, each
passing through a different concept chain. Training graphs
are biased: some paths to the target are short (11 nodes,
easier), while others are long (15 nodes, harder), creating
an incentive for models to exploit easy routes and ignore
harder but equally valid alternatives.

To check the robustness of the learned models, we evaluate
on an in-distribution test set and two out-of-distribution
datasets: a larger-graphs dataset, in which all paths to end
nodes have a fixed length of 20, and a harder-graphs dataset,
in which all paths have fixed length of 11, but one edge is
removed from chains leading to one of the two target nodes,
giving fewer valid solutions.

Baselines. We train Qwen3-1.7B (Yang et al., 2025) mod-
els using variants of GRPO and SDSD, on a dataset of 16k
graphs for training and 128 for testing. We train for 1000
steps, with a mini-batch size of 16 queries, 4 rollouts per
query, and a maximum generation length of 8,192 tokens.
The experiments are trained on a single GPU using the
library of Kazemnejad et al. (2025).

GRPO. Standard GRPO (Shao et al., 2024) serves as the
primary baseline. At each iteration, the policy model gen-
erates N=4 rollouts per graph prompt. Within each group
of N rollouts, a scalar reward is used to compute a scalar
advantage for the whole sequence.

GRPO-+diversity. The GRPO+diversity variant, similar
to Li et al. (2025), adds a diversity reward to the score
reward to encourage the model to explore different concept
chains across its NV rollouts. For each rollout ¢, its diversity
score is the fraction of the other N — 1 rollouts in the same
group that used a disjoint set of concepts, measuring how
distinct 7’s path is from the other rollouts produced for the
same query.

SDSD. SDSD implementation following SDPO (Hiibotter
et al., 2026), where for each student rollout, the teacher is
conditioned on another correct student rollout for the same

query.

All models add to the main loss a KL regularization to the
reference model.

The results in Fig. 3 show that SDSD achieves good in-
distribution pass@1 and the best pass@1 on the Larger
Graph setting. However, its pass@k performance increases
very slowly, or not at all for the harder settings. This flat
pass @k curve indicates low functional diversity: successive
samples rarely solve new queries. The Harder Graph setting
can only be solved by models that learned diverse rollouts
during training. SDSD’s failure there confirms that it relied
exclusively on easy routes.

Semantic diversity. We seek rollouts with semantic di-
versity, capturing meaningful variations in their trajectories,
such as different high-level strategies or approaches. In
mathematical reasoning, for instance, one might want geo-
metric vs. algebraic approaches, or different theorems. In
the graph setting, we define the semantic diversity of a set
of rollouts as the number of unique concepts present across
all of them. This measures whether a model explores funda-
mentally different strategies (e.g., following animal chains
vs. flowers chains) rather than mere surface-level token vari-
ation. For each query in the in-distribution and larger graphs
testsets, we sample 64 rollouts and compute the average
number of unique concepts of the nodes present in them,
and show these diversity scores across training in Fig. 3. We
notice that GRPO has relatively low semantic diversity, but
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Figure 4. Pass@k curves for Science QA tasks. SDSD achieves competitive pass @1 but its curves flatten quickly, indicating low functional
diversity. All methods use Qwen3-8B; mean =+ stderr across 3 seeds.

Table 1. Pass@1 and Pass@16 at the best checkpoint per dataset. Overall both SDSD variants have better pass@1 but worse pass@ 16
indicating low diversity between rollouts. Mean =+ std across 3 seeds. Bold = best per column.

Method Biology Chemistry Material Physics Average
Pass@l  Pass@16 Pass@l Pass@16 Pass@l Pass@l6 Pass@]l Pass@16 Pass@l  Pass@16
GRPO off—policy 57.2i3‘g 69.3:&2.9 76.6i346 87.3:{:1.7 79~3j:0.4 82.3i0‘7 74~4j:2.9 95.6i0‘5 71.9:&2'0 83‘6i1‘1
SDSD K=1 575112 60.3432 T78.8409 86.5401 78.1i23 80.1u0g T76.6426 88.1in7 727411 787412
SDSD K=3 618115 648110 785104 839111 77710  80.1i06 758128  85.4i33  T3.410s8 785106

adding a diversity reward significantly improves it. On the
other hand, SDSD has the lowest semantic diversity scores,
which are correlated with the low functional diversity (slope
of pass@k) and low scores in the Harder Graphs dataset that
requires diversity.

4.2. Science QA: Functional Diversity in Practice

We highlight the interplay of accuracy and diversity of
SDSD and GRPO in science QA settings.

Setup. We evaluate on four verifiable reasoning tasks
spanning scientific knowledge drawn from SciKnowEval
(Feng et al., 2024), a benchmark of multiple-choice science
questions. Across all tasks, we train on the training split
and evaluate on the held-out test split by generating N=16
rollouts per question and reporting mean accuracy (pass@1)
as well as pass@k.

All experiments follow the implementation and con-
figuration of Hiibotter et al. (2026), and use Qwen3-
8B (Yang et al., 2025) as the base model, trained with
AdamW (Loshchilov & Hutter, 2019) for up to 30 epochs
bounded by a 5h training time budget. At each training
step, the policy generates N =8 rollouts per question for a
batch of 32 questions, sampled with temperature 1.0. Each
configuration is run with 3 seeds on 4 Nvidia H200 GPUs.
We compare the following models:

GRPO. Standard GRPO generating N =8 rollouts per ques-
tion for a batch of 32 questions. The batch is optimized
in mini-batches of 8 questions, making successive updates
increasingly off-policy relative to the generating model.

SDSD (K = 1). Following SDPO implementation of

Hiibotter et al. (2026) where the teacher is conditioned on
one correct student rollout.

SDSD (K = 3). We introduce a baseline using an ensemble
of K = 3 teachers. Everything is the same as above, but we
collect three distinct correct demonstrations (if available)
per student rollout and create an independent teacher from
each, then average their distillation losses. This requires
K forward passes through the teacher, though it adds only
5.8% wall-clock time per training step since generating the
student rollouts dominates computation.

Observing the pass@k curves in Fig. 4 we note that, in gen-
eral, SDSD variants have less steep pass@k curves showing
that the functional diversity of SDSD variants is lower than
GRPO. We also report the checkpoint with the highest aver-
age accuracy for each method, averaged across 3 seeds, in
Tab. 1 and show the evolution of pass@1 scores across train-
ing in Fig. 7. Overall, SDSD variants have higher pass@1
and lower pass @k indicating low diversity.

4.3. Diverse External Demonstrations Still Lead to
Diversity Collapse

Previously, we evaluated SDSD on demonstrations com-
ing from the student’s own correct rollouts. Similar to ap-
proaches like OPSD (Zhao et al., 2026), we now investigate
the case when the demonstrations come from external mod-
els. We will see that self-distillation with external demon-
strations still suffers from diversity collapse, regardless of
the diversity level of the demonstrations.

We analyze this in the Concept Graph setup. We create
multiple demonstration datasets, with different levels of
diversity, where each query has multiple correct solutions.
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Figure 6. (a) A Concept Graph instance with chain length 3: four concept chains radiate from start; the two yellow triangle endpoints
are valid targets, the two gray squares are distractors. (b, ¢) Token-level entropy does not tell the whole story. For ConceptGraph,
token-level entropy cannot explain the higher semantic diversity (Fig. 3) of GRPO+diversity compared to GRPO. In the QA setting,
average token-level entropy does not correlate with functional diversity or low pass @k, since GRPO has the lowest token-level entropy

but highest functional diversity and pass@16.

We obtain the demonstrations from different checkpoints
of GRPO+diversity regularizer models. For each dataset,
we train a SDSD model using teachers conditioned on these
external demonstrations. This way we can control the diver-
sity of the teacher demonstrations and see their influence on
the diversity of the learned student.

All resulting SDSD models have high in-distribution per-
formance, similar to the models that generated the demon-
strations. Nevertheless, on the Harder Graph setup (that
requires diverse exploration during training) performance
of the students remains low. Moreover, we compare the
semantic diversity of the demonstrations and the diversity
of the resulting SDSD models in Fig. 5. We observe that
the student models have low semantic diversity, regardless
of the level of diversity of the demonstrations. This shows
that using diverse demonstrations in the teacher does not fix
the diversity problem.

4.4. Token Entropy Is Not a Sufficient Metric of
Diversity

In Fig. 6b on Concept Graphs, SDSD has clearly lower aver-
age token-level entropy than the GRPO baselines. This cor-
relates well with SDSD’s lack of semantic diversity. On the
other hand, token-level entropy cannot distinguish between
GRPO and GRPO+diversity, even though GRPO+diversity
is clearly more semantically diverse and has better perfor-
mance on the Harder Graphs task that requires diverse roll-
outs during training.

Conversely, in the QA setting (Fig. 6¢), SDSD has higher
token-level entropy than GRPO despite lower functional
diversity and pass@16. Again, token-level entropy does
not correlate well with a meaningful notion of diversity or
performance. This suggests that we need more nuanced
notions of diversity than entropy at the token level.
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5. Related Work

On-policy self-distillation. Distillation transfers knowl-
edge from a teacher model to a student (Hinton et al., 2015;
Bucild et al., 2006), and on-policy distillation gives teacher
guidance on student-generated data (Agarwal et al., 2024).
Moreover, self-distillation methods like SDPO (Hiibotter
etal., 2026), OPSD (Zhao et al., 2026; Penaloza et al., 2026),
SDFT (Shenfeld et al., 2026), RLSD (Yang et al., 2026),
and OPCD (Ye et al., 2026) use the same model as teachers
to give guidance, by conditioning it on privileged informa-
tion, achieving strong results. As privileged information
they use their own correct rollouts, demonstrations from
stronger models (a setting that we also use), correct answers,
or environment feedback on the student rollouts, such as
runtime errors. All these approaches use token-wise supervi-
sion to give dense feedback to the student, with (Zhao et al.,
2026) noting that significant gains come from matching the
teacher and student over the whole vocabulary. This dense
feedback makes self-distillation achieve high performance
in short amounts of steps (Zhao et al., 2026; Yang et al.,
2026) before plateauing or decreasing. SDPO (Hiibotter
et al., 2026) uses two setting: one where the demonstrations
are collected from correct student responses and one where
coding runtime feedback is used as privileged information.
For the second approach, the alignment between feedback
and student rollout should be implicitly higher, since the
feedback is generated based on the rollout, thus the teacher
should have an easier time understanding their relation and
conversely provide good guiding signal. RLSD (Yang et al.,
2026) points to an irreducible gap in the objective of self-
distillation, which results in privileged information leakage
when the optimization is done, as usual, in mini-batches.
They propose to fix this by using the teacher guidance to
change the magnitude of the RL gradient, but keep the di-
rection given by the verifiable reward.

Entropy collapse and mode-seeking. Entropy collapse
and on-policy training is widely documented (GX-Chen
etal.,2025; Yue et al., 2025; Wu et al., 2025) with prior work
attributing it primarily to mode-seeking of the on-policy
training. Our analysis identifies an additional mechanism
specific to self-distillation: unequal alignment between the
sampled rollouts and the sampled demonstrations, as defined
by PCMI. Nagarajan et al. (2025) analyze the diversity and
creativity of LLMs using controlled graph understanding
tasks.

Prior work on RLHF shows that RL-trained models are
less diverse than SFT models (Kirk et al., 2024). This is
addressed by Pass@k-aware training objectives (Chen et al.,
2025), and best-of-N fine-tuning (Chow et al., 2024) that
directly optimize for output coverage. Li et al. (2025) uses
LLM embeddings to partition the rollouts and use them to
compute a diversity score. Multiplying the score reward

with this diversity reward improves the diversity of math
reasoning and creative writing.

6. Discussion and Limitations

We focus specifically on the variant of self-distillation that
uses sampled correct rollouts as demonstrations. We do
not analyze settings where the teacher is conditioned on
richer privileged signals, such as runtime errors in cod-
ing (Hiibotter et al., 2026), environmental feedback, or ex-
ternal verifiers, where the learning dynamics may differ
substantially.

Conclusion We analyzed on-policy self-distillation with
sampled demonstrations (SDSD) through the lens of rollout
diversity. While self-distilled models can achieve strong
average accuracy, we find that they often exhibit pass@Fk
curves with shallow or nearly flat slopes, indicating col-
lapsed functional diversity. Theoretically, we showed that
the optimal self-distillation policy is obtained by tilting
the base distribution according to a pointwise conditional
mutual information (PCMI) score rather than reward. Un-
like standard RL objectives, this mechanism can amplify
pre-existing probability imbalances among equally correct
rollouts, preferentially reinforcing solutions that already
align with the demonstrations and base policy. Empirically,
we observed this diversity collapse across controlled graph
path-finding, scientific QA, and synthetic settings.Taken
together, our results suggest that average accuracy alone
may provide an incomplete picture of post-training qual-
ity in self-distillation systems. Functional and semantic
diversity appear to be key quantities at risk of collapse, and
should therefore be explicitly monitored when evaluating or
deploying SDSD-style methods.

Scope and limitations. Our theoretical analysis assumes
a teacher frozen at the base policy, whereas most practical
SDSD implementations, including those used in our experi-
ments, employ an EMA teacher derived from the student it-
self. In addition, our derivation assumes demonstrations are
sampled from the base policy, which more closely resembles
OPSD (Zhao et al., 2026) and our external-demonstration
graph experiments than the fully self-generated setup of
Hiibotter et al. (2026). In practice, both EMA teachers and
self-generated demonstrations introduce additional forms
of self-selection bias beyond those captured by our anal-
ysis. Finally, our derivation is presented at the sequence
level; however, an analogous token-level derivation yields
the same PCMI-based tilt at each next-token distribution,
causing the effect to compound autoregressively along a
trajectory, as discussed in Section B.3.
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A. Additional Results
A.1. Science QA: results

We show the average performance and diversity scores evolution across training steps in Fig. 7.
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Figure 7. Pass@1 scores of SDSD and GRPO across 5h of training time.

B. Detailed Derivations and Additional Results
B.1. Standard KL-Regularized RL

We first consider the standard KL-regularized reinforcement learning objective
max Eyr( o) Ry |2)] — Bru KL(7(- | ) || mo (- | 2)) . 9)

Proposition B.1 (Optimal policy for standard KL-regularized RL). The optimizer of (9) is
« 1
e (Y |2) o< mo(y | ) exp| =—R(y|z) | . (10)
BreL

Proof. Fix x and suppress it in the notation. The objective is

mgxz 7(y)R(y) — PrL Z log ) subject to Z 7(y) = 1.
y

Its Lagrangian is

Y

Differentiating with respect to 7(y) gives

R(y) — Brr (log 7:;((yy)) + 1) +A=0.

Rearranging,

log m(y) = log mo(y) + %R(y) +c
RL

where c is a constant independent of y. Exponentiating and normalizing yields

N 1
wia) x o) exp ).
BrL
which, after reintroducing the x into the notation, proves (10). L]

Remark B.2. Equation (10) shows that KL-regularized RL preserves the base policy while exponentially tilting it by the
reward.

11
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B.2. SDSD-KL: Distillation from a Correct Demonstration

Consider as teacher the base policy conditioned on a fixed correct demonstration. Let y°°™" denote a correct reference
demonstration for the same input . We define the teacher by

mo(y |z, y=). (11)

The corresponding pointwise conditional mutual information (PCMI) is
7T0(y | €z, ycorr)

12
7o(y 1) (12

i(y;y*™ | x) :=log
This quantity measures how much conditioning on the fixed correct demonstration changes the base policy’s log-probability
of the candidate sequence y. Thus, it can be interpreted as how much support y°°™* brings for y.
But the demonstration is not fixed, it is sampled from the correct solutions. Let

corr

Yy Npcorr(' |17) (13)

Corr

be a correct demonstration drawn from a reference distribution over correct solutions. For each realized y°°*", we define the

teacher
qycorr(y|x) = 7T0(y|x,ycorr). (14)

The SDSD-KL objective averages the distillation loss over demonstrations:

min Eyor [KL(n(- | 2) | mol- | 2,5)) | + BKL(x(-|2) [ 7o(-] 2)). 15)
Proposition B.3 (Optimal policy for SDSD-KL). The optimizer of (15) is

* 1 N corr
50101 2) o 70y 1) 30 5 B 055 [ )] ). (16)

Proof. Fix x and suppress it in the notation. Expanding (15) gives

Z ( )log ( | corr

Y

min Eycorr
T

+ ﬂz log )) subject to Zw(y) =1.

Y

Interchanging expectation and summation,

min(1+ 8) 3 w(y) log w(y) — 3 7(y)Eyeomlog mo(- | y°)] — 83 7(y) log mo(y):

Yy Yy Yy

The Lagrangian is therefore

L(m,A) = (1+8) Y 7m(y)logm(y) = Y w(y)Eyeor[logmo(-| y*™)] = Y 7(y) log mo(y) + A (Zﬂ(y)1>-
y y y y
Differentiating with respect to 7 (y) gives

(1 + B)(logm(y) + 1) — Eyeon [log mo (- [ y**)] — Blog mo(y) + A = 0.

Hence,

1
log m(y) = mﬂiyo [log o (- [4*°™)] + 143 log mo(y) + c.

Using (12),

COI’I’) COI’I’)

log mo(y | y™") = log mo(y) + i(y; y

12
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Therefore, since taking the expectation over y°°* does not influence the first term:

Eyeorelog mo (- [3°°)] = log mo(y) + Byeor [i(455°°™)].
Substituting back,

1 .
log m(y) = log mo(y) + mEyo [z(y, y )] +c.

Exponentiating and normalizing yields:

o) o mo(o) exp 1 By 5] ). an

Restoring x to the notation gives (16). O

Remark B.4 (Interpretation of SDSD-KL). SDSD-KL has the same formal structure as KL-regularized RL: it exponentially
tilts the base policy. The effective reward is now the expected PCMI,

Eycm-x-Npmrr(. | ) [Z(y, ycolrlr | :L‘)} s
which measures how strongly, on average over correct demonstrations, the base policy shifts toward the candidate sequence
Y.
Remark B.5 (Ratio for two correct sequences under SDSD-KL). Let y; and y» be two correct sequences for the same input
x, and suppose

mo(y1 | x) = kmo(y2 | )
for some £ > 0. Then, by (16), their ratio under the optimal SDSD-KL policy is
w —k eXp<1Eycorr~pm”(.|x) [i(y1; yeorr | {E) . Z'(y2;ycorr ‘ 1’)]) . (18)
Tép.kL (Y2 | 2) 1+

Equivalently,

Tpxr (Y1 2) 1 exp(i(y1; y*° | ))
ZSD-KLA\J2 17/ = k exp (ME"UCO”NPCOH(' ‘ I) log .

Tpkr (Y2 [ 7) exp(i(ya; yeorr | x))
Thus SDSD-KL preserves the base-policy ratio k£ only when the two sequences have the same expected PCMI. Otherwise,
SDSD-KL further reweights them according to the gap in how strongly correct demonstrations support y; versus ys.

B.3. Optimal Policy for Token-Level SDSD-KL

Previously, we discussed the sequence level objective and its implications. This was done for ease of presentation, but in
practice, we use token-level objective. We will see that exactly the same derivation carry in the token-level case, and we will
discuss the implications.

Consider the optimization problem at a single generation step ¢. The policy generates the next token y; from the vocabulary,
conditioned on the input x and the generated prefix y~;. The token-level SDSD-KL objective averages the distillation loss
over demonstrations at the next-token distribution:

minEyeorr vy, () KL(T (|2, y<o) lImo (|2, y<i, y™))] + BRL(T ([, y<o) |70 (|2, y<t)) (19)

Proposition B.6 (Optimal policy for token-level SDSD-KL). The optimizer of the token-level objective is:

* 1 . -
Top—xr (YT, y<t) o< mo(ye|w, y<¢) exp <H5]Eyw”‘~pcm(-lm) (i (ye; y©" |:c,y<t)}> (20

where the token-level pointwise conditional mutual information (PCMI) is defined as:

CO’I‘T)

o (YelT, y<t,y
770<yt‘xa y<t)

i(ye; Yz, y<r) = log (21)

The proof follows exactly the same steps as before.
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Implications of the token-level objective. In the case of sequence-level objective, we have seen that there is a bias for
common rollouts. That bias comes from the alignment between rollouts and demonstrations and the preference of the teacher.
A similar phenomenon is happening at the token-level. Some tokens are more aligned to the context determined by the
demonstration and the previous tokens of the student rollout. Again, next-tokens that will move the current rollout into a
novel or uncommon direction might be less aligned to the context. Moreover, given the same context, some next-tokens are
preferred over others by the teacher.

On top of this, differently from the sequence level objective, here the teacher is myopic to the full student rollout. It guides
the next token without taking into account the relation to future tokens. Thus, some commonalities between student rollout
and demonstrations might only be seen at a sequence level and could be harder to establish at intermediate token position.
Thus, the alignment at intermediate token positions might be low, causing learning to be even more biased. This leads to a
bias for common next-tokens, which turns into common entire distributions as we discussed before.

B.4. Concept Graph Task: Additional details

codeblock listing only, breakable, colback=gray!5, colframe=gray!40, arc=2mm, boxrule=0.4pt, left=6pt, right=6pt, top=6pt,
bottom=6pt, listing options= basicstyle=, breaklines=true In the Concept Graph task, each query represents a
problem of finding a path in a graph given to the LLM in context. Each query has a different graph with randomly sampled
structure and node names. Here is an example:

You are given the following graph structure. Nodes: O start [hub] 1 triangle [shape] 2 pigeon [concept=birds] 3 parrot
[concept=birds] 4 sparrow [concept=birds] 5 crow [concept=birds] 6 heron [concept=birds] 7 eagle [concept=birds] 8 square
[shape] 9 tuna [concept=fish] ... Edges: O (start) — 2 (pigeon) O (start) — 5 (crow) O (start) — 9 (tuna) O (start) — 21 (plum) ... 2
(pigeon) — 3 (parrot) 3 (parrot) — 4 (sparrow) 1 (triangle) — 4 (sparrow) ... 21 (plum) — 22 (mango) 22 (mango) — 27 (triangle)
... Your task is to generate a path from the start node to the target node named triangle. For the output, print the names of the

nodes in the path, use the following format: A path from start to triangle is | start, node;,ame, ..., triangle |, for example

start, Jacobi, Hamilton, ..., star |.

A correct response following the birds concept chain would be:

A path from start to triangle is \boxed{start, pigeon, parrot, sparrow, triangle}
An equally valid alternative following a different concept (fruits) would be:

\boxed{start, plum, mango, triangle}

Both receive the same maximum reward, but a model that only produces bird-paths across different graphs exhibits lower
solution diversity than one that explores both bird and fruit paths.
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