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ABSTRACT

Self-distillation is an emerging approach that trains a model to imitate its own
predictions when conditioned on privileged information, such as correct answers
or environmental feedback. Recent methods have reported better sample effi-
ciency and generalization than reinforcement learning (RL), but it remains un-
clear whether these gains extend beyond in-distribution evaluations and whether
they stem from privileged distillation. In this paper, we revisit two representa-
tive methods, Self-Distillation Policy Optimization (SDPO) and On-Policy Self-
Distillation (OPSD), across code, science, tool use, and math reasoning tasks.
We find that their reported gains do not consistently generalize to unseen prob-
lems and are largely explained by overfitting or transferring existing reasoning
behavior, rather than effectively using privileged information. Moreover, self-
distillation gradients show weak alignment with policy gradients that directly
optimize expected reward, questioning whether they provide an effective direc-
tion for policy improvement. Our experiments across Qwen3 models (1.7B–14B)
and OLMo-3-7B suggest that effectively leveraging privileged information to im-
prove reasoning remains an open challenge. Our code is available at https:
//github.com/sleepypandu/does-sd-improve-reasoning.

1 INTRODUCTION

Figure 1: SDPO reduces
solution diversity on Live-
CodeBench v6. AST-unique
solutions per training problem
(from 8 samples) for Qwen3-
14B before (Base) and af-
ter 200 steps of GRPO or
SDPO (mean ± std, four
seeds). Diversity collapse
suggests memorization.

Reinforcement learning with verifiable rewards (RLVR) has be-
come a standard approach for finetuning large language models
(LLMs) on reasoning tasks such as mathematics and coding (Lam-
bert et al., 2025; Guo et al., 2025). As responses in these do-
mains are automatically verifiable, scaling RLVR is straightfor-
ward. However, typical RLVR pipelines use binary rewards that
indicate only whether the final answer is correct or whether all unit
tests pass. Such rewards provide no information on how attempted
solutions should be revised. Process reward models score individ-
ual reasoning steps (Wang et al., 2024; Cui et al., 2025), but require
training additional models.

A recently popularized alternative to RLVR is self-distillation,
which requires neither an external stronger model nor an explicit
reward function. It exploits the fact that reasoning tasks often come
with feedback far richer than the binary outcome that RLVR con-
sumes, such as reference solutions, critiques, error messages, or
failing unit tests. In self-distillation, the model samples a trace and
is trained to match, at each token along that trace, the distribution of
a (teacher) copy of itself that additionally conditions on this privi-
leged information (Hübotter et al., 2026; Shenfeld et al., 2026; Zhao
et al., 2026a). The self-conditioned teacher converts rich but un-
structured feedback into a dense, per-token training signal.

However, prior work questions the validity of self-distillation objectives as a mechanism to improve
the student policy. The self-conditioned teacher’s outputs do not express uncertainty through tokens
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Figure 2: The reference solution barely changes the self-distillation teacher. Teacher log-
probabilities (thinking on) along a Qwen3-8B thinking-off student rollout on an OpenThoughts
problem, with the problem’s reference solution in context (ref z, top) and with no solution (no
z, bottom). In each panel, the first row is the sampled token and the three rows below are the stu-
dent’s next three most likely tokens. The two teachers assign very similar probabilities, suggesting
that OPSD distillation effects do not significantly depend on z (Section 4.3).

such as “wait”, “hmmm”, and “perhaps,” so training against it suppresses the model’s ability to
correct past mistakes as it reasons and shortens the student’s traces in ways that hurt performance
(Kim et al., 2026; Pan et al., 2026; Kaur et al., 2026). Moreover, the self-conditioned teacher is
unable to consistently distinguish between correct and incorrect student generations (Harne et al.,
2026; Nguyen et al., 2026). Together, these results raise a more fundamental question: does self-
distillation extract useful guidance from privileged information, or are its reported gains driven by
simpler mechanisms?

We revisit this question through careful reproductions of self-distillation policy optimization (SDPO)
(Hübotter et al., 2026) and on-policy self-distillation (OPSD) (Zhao et al., 2026a). We leverage
Qwen3 (Qwen Team, 2025) and Olmo-3 (Olmo Team, 2025) models to ensure our observations
hold over a range of model sizes and families. We find that the reported gains from privileged-
information self-distillation in reasoning domains are weaker than they appear:

• SDPO’s coding gains do not transfer to unseen problems (Section 4.1). SDPO’s Live-
CodeBench v6 (Jain et al., 2024) results train and evaluate on the same set of coding problems.
Correcting for this reveals that SDPO overfits to its training problems, reducing the diversity of
its solutions (Figure 1), and degrades on held-out problems while policy-gradient training on the
same verifiable reward generalizes.

• SDPO’s gains in science reasoning and tool use do not generalize out of domain (Section 4.2).
Across five science-reasoning (Feng et al., 2024) and tool-use (Tang et al., 2023) domains, SDPO
and GRPO in-domain performances are similar, but in four of five it lowers accuracy on the held-
out domains, while GRPO preserves it.

• OPSD transfers thinking-mode behavior, not privileged information (Section 4.3). In math
reasoning, privileged information barely changes the self-conditioned teacher’s token distribution
(Figure 2), and distilling thinking-mode behavior has a substantially larger effect than privileged
information within OPSD’s reported results.

• Self-distillation gradients do not align with policy gradients (Section 4.4). Prior work moti-
vates self-distillation as approximate policy improvement by arguing that its gradient aligns with
the policy gradient (Shenfeld et al., 2026). This alignment matters because a small update im-
proves expected reward only to the extent that it follows the policy gradient (Section 3.1). We
therefore measure how well each method’s training gradient aligns with the policy gradient on
held-out problems. On Qwen3 models, OPSD and SDPO gradients are consistently less aligned
than GRPO gradients computed on the same training problems and often point away from the
held-out policy gradient altogether.
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2 RELATED WORKS

Reinforcement learning from verifiable rewards (RLVR). The goal of reinforcement learning
is to maximize the expectation of reward under a policy’s responses. For verifiable tasks in math
reasoning and coding, such rewards are assigned by verifying the equivalence between expressions
or checking whether a proposed program passes all test-cases. RLVR for LLMs is typically done
using policy gradient algorithms (Williams, 1992; Sutton et al., 2000). Although PPO (Schulman
et al., 2017) was used in foundational work (Ouyang et al., 2022; Bai et al., 2022), critic-free methods
such as GRPO (Shao et al., 2024) and RLOO (Kool et al., 2019; Ahmadian et al., 2024) have become
popular due to their simplicity, despite feedback only being given at the trajectory level.

On-policy distillation (OPD). Unlike classic distillation, which tries to match teacher-generated
outputs (Hinton et al., 2015), on-policy distillation seeks to boost performance by minimizing per-
token divergences between student logits πθ(·|x, y<t) and teacher logits πT (·|x, y<t) along prefixes
sampled from the student policy (Lu & Thinking Machines Lab, 2025; Xu et al., 2026; Gu et al.,
2023). OPD has been shown to be effective in post-training small-models (Qwen Team, 2025) and
merging the capabilities of multiple domain-specialist expert models (Xu et al., 2026; Kimi Team,
2026; Ma et al., 2026).

Self-distillation and privileged information. Instead of relying on an external stronger model,
self-distillation (Shenfeld et al., 2026; Zhao et al., 2026a; Hübotter et al., 2026) parameterizes the
teacher distribution as πT (·|x, y<t) = πθ(·|x, z, y<t), with privileged information z which is derived
from a reference solution or environmental feedback. This purportedly moves the student towards a
higher-reward policy, transferring the reference solution’s reasoning content.

Limitations of self-distillation. Prior work documents several failure modes of self-distillation:
SDPO generalizes poorly out of distribution and in continual learning settings (Wang et al., 2026),
self-distillation degrades thinking models by suppressing backtracking behavior and collapsing re-
sponse lengths (Kaur et al., 2026; Harne et al., 2026), and the self-conditioned teacher fails to dis-
tinguish correct from incorrect student solutions (Nguyen et al., 2026). Concurrently, Shrestha &
Tessier (2026) show that OPSD’s gains stem from thinking-mode transfer rather than privileged in-
formation. Methods that retain GRPO and use the teacher only to reweight advantages such as Pan
et al. (2026) fall outside our scope, as we study the self-distillation objective in isolation. We provide
an extended discussion of existing work on the limitations of self-distillation, and of how our paper
differs from each, in Appendix A.

3 PRELIMINARIES

We introduce the baseline training objectives, then show in Section 3.1 that under an optimal teacher
all three share the same update direction, which motivates the gradient analysis of Section 4.4.

Notation. Let X , Y , and Z denote the spaces of problems, solutions, and privileged information re-
spectively. We assume all three are finite, as is the case for language models with a finite vocabulary
and a maximum sequence length. For y ∈ Y , we write yt for its t-th token, y<t for its first t − 1

tokens, and |y| for its length. For distributions p, q over Y , DKL(p ∥ q) =
∑

y∈Y p(y) log p(y)
q(y) .

Supervised fine-tuning (SFT). Given a distribution over problems x ∼ ρ(·) and a distribution over
solutions y ∼ πT (·|x), supervised finetuning optimizes πθ(·|x) to maximize the likelihood of y:

LSFT(θ) = −Ex∼ρ(·),y∼πT (y|x)

 |y|∑
t=1

log πθ(yt | x, y<t)

 . (1)

Note that optimizing the objective above is equivalent to minimizing DKL from the data distribution
to the policy, namely, Ex∼ρ(·)[DKL(πT (·|x) ∥πθ(·|x))].

Group Relative Policy Optimization (GRPO). Given a distribution over problems x ∼ ρ(·) and a
reward function R : X ×Y → R, for a given x, GRPO samples a group of K rollouts y1, . . . , yK ∼
πθ(·|x) from the student and computes their rewards ri = R(x, yi). The loss is then computed as

LGRPO(θ) = − 1∑K
i=1 |yi|

K∑
i=1

|yi|∑
t=1

min
(
wi,t(θ) Âi, clip (wi,t(θ), 1− ε, 1 + ε) Âi

)
, (2)
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where wi,t(θ) =
πθ(yi,t|x,yi,<t)

πθold
(yi,t|x,yi,<t)

is the per-token importance ratio and Âi =
ri−r̄
std(r) is a sequence-

level z-score normalized advantage shared by all tokens in rollout i. GRPO is an instantiation of
policy-gradients which aims to maximize Ex∼ρ(·),y∼πθ(·|x)[R(x, y)] by using the following gradient
update Ex∼ρ(·),y∼πθ(·|x)[R(x, y)∇θ log πθ(y|x)].

Privileged information self-distillation. Given a distribution over problems x ∼ ρ(·) and a dis-
tribution over privileged information z ∼ γ(·|x), we construct a privileged teacher πT (·|x) =
πθ(·|x, z) for problems x for some sampled z. Zhao et al. (2026a) use a fixed reference solution
in the dataset as z, while Hübotter et al. (2026) use a successful sibling rollout and environmental
feedback if available. The loss is then computed as

LSD = Ex∼ρ(·),y∼sg(πθ(·|x)),z∼γ(·|x)

 |y|∑
t=1

D (πθ(· | x, y<t), sg(πθ(· | x, y<t, z)))

 , (3)

where sg is the stop-grad operator and D represents an information divergence such as forward KL,
reverse KL, or Jensen-Shannon divergence. The sampler y ∼ πθ(·|x) is typically not differentiated
through due to stability reasons (Agarwal et al., 2024; Hübotter et al., 2026). Common tweaks
include an EMA-teacher (Hübotter et al., 2026; Shenfeld et al., 2026), top-k logit approximations
(Hübotter et al., 2026), and per-token clipping (Zhao et al., 2026a). Notably, by choosing D(p, q) =
DKL(p ∥ q), we have that LSD is equal in value to Ex∼ρ(·), z∼γ(·|x) [DKL(πθ(· | x) ∥πT (· | x, z))].
The two methods we consider, SDPO Hübotter et al. (2026) and OPSD Zhao et al. (2026a), differ
primarily in their instantiation of Equation (3) and their use of privileged information: the former
uses reverse KL restricted to the student’s top k tokens and conditions the teacher on a successful
sibling rollout and environment feedback and the latter implements forward KL with per-position
full-vocabulary divergence clipping and takes z as a reference solution.

3.1 EQUIVALENCE BETWEEN POLICY GRADIENT, SFT, AND DISTILLATION

Policy gradient improves the policy by ascending expected reward, whereas self-distillation moves
the student towards a teacher, so whether it improves depends on the teacher. Self-distillation im-
plicitly assumes that the self-conditioned teacher approximates the KL-regularized optimal policy
relative to the current policy, π∗(y|x) ∝ πθ(y|x) exp(R(x, y)/β), which we call the optimal teacher
(Shenfeld et al., 2026). We show that for this teacher, the policy gradient, SFT on samples from π∗,
and on-policy distillation towards π∗ share the same update direction. Hence, if the assumption
holds, self-distillation gradients should align with the policy gradient, which we test in Section 4.4.
Proposition 3.1. Consider the single-prompt setting, with a fixed x ∼ ρ(·). Fix any policy
πθ(·|x) over Y , a binary reward function R : X × Y → {0, 1}, and β > 0, and define the
optimal teacher π∗(y|x) = 1

Z(x)πθ(y|x) exp (R(x, y)/β), which maximizes Ey∼π(·|x)[R(x, y)] −
βDKL(π(·|x) ∥πθ(·|x)) over policies π. Since x is fixed, we suppress it from the notation, writing
πθ(y), R(y), Z, and π∗(y) = 1

Zπθ(y) exp (R(y)/β). Then, we have that:

∇θEy∼πθ
[R(y)]

∥∇θEy∼πθ
[R(y)]∥2

= − ∇θDKL(sg (π
∗) ∥πθ)

∥∇θDKL(sg (π∗) ∥πθ)∥2
= − ∇θDKL(πθ ∥ sg (π∗))

∥∇θDKL(πθ ∥ sg (π∗))∥2
, (4)

whenever ∇θEy∼πθ
[R(y)] is non-zero.

We defer the proof to Appendix B.

Crucially, the self-conditioned teacher must stay close to the student. RL generalizes better than SFT
on reasoning tasks (Chu et al., 2025), plausibly since on-policy RL induces a smaller KL shift from
the base model (Shenfeld et al., 2025); a teacher far from πθ forfeits this small-KL-shift property.

4 EXPERIMENTAL RESULTS

We now examine whether the reported gains of prior self-distillation works reflect the generalization
performance of policy gradients (Section 4.1), require reasoning behavior (Section 4.2), transfer
via privileged information (Section 4.3), and have gradients that align with the policy gradient as
Proposition 3.1 would require of an optimal teacher (Section 4.4).
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4.1 SDPO DOES NOT GENERALIZE TO NEW CODING PROBLEMS

Harne et al. (2026) suggest that the self-conditioned teacher is heavily biased towards the reference
solution given in context in a way that does not generalize, which makes the coding gains reported
by SDPO (Hübotter et al., 2026) surprising. We observe that SDPO’s coding evaluations reuse its
training problems, thus not cleanly measuring generalization. We hypothesize that SDPO’s coding
gains stem from this discrepancy.

SDPO builds its teacher from privileged information available only at training time. On coding tasks,
the teacher sees a successful student rollout from the same batch along with environment feedback
on execution errors on test cases. They claim that SDPO improves 7.6% over GRPO baselines in
accuracy on LiveCodeBench v6 (Jain et al., 2024) evaluations. We construct a clean split of the
LCB data, reproduce SDPO overall gains on their data split, and observe that SDPO does not lead
to performance gains when evaluated on an unseen test set.

Figure 3: Qwen3-8B SDPO vs. GRPO on LiveCodeBench v6 across four seeds, scored as the frac-
tion of problems with no failing test cases (mean ± std). TRAIN SEEN and TRAIN UNSEEN evaluate
training problems on seen and on held-out test cases respectively; TEST UNSEEN evaluates held-out
problems. The 20000 training generations reported by Hübotter et al. (2026) is marked in red.

Setup. LiveCodeBench v6 pairs each competitive programming problem with a set of test cases.
Concretely, the original work trains on all problems with half of each problem’s test cases removed,
and evaluates on the unmodified dataset. To separate memorization from generalization, we instead
split the problems into disjoint, equal-size sets Ptrain and Ptest, giving three evaluation groups:
TRAIN SEEN (test cases used during training), TRAIN UNSEEN (held-out test cases of problems in
Ptrain), and TEST UNSEEN (all test cases of problems in Ptest).

Results. We train Qwen3-8B, Qwen3-14B, and Olmo-3-7B-Instruct on this split with SDPO and
GRPO for 200 steps, four seeds each, otherwise following the setup of Hübotter et al. (2026); we
provide our hyperparameters in Appendix E.1. Figure 3 shows Qwen3-8B; results for the other two
models and tables of accuracies are in Appendix D.1.

SDPO does not improve on new problems. Over 200 steps, GRPO improves TEST UNSEEN
by 3.7, 4.9, and 2.6 points on Qwen3-8B, Qwen3-14B, and Olmo-3-7B-Instruct, whereas SDPO
changes it by −2.5, −0.5, and −9.9 points. The disparity is largest on Olmo-3-7B-Instruct, where
SDPO ends 13.1 points below GRPO (21.0 vs. 34.1). In summary, we find that mimicking a privi-
leged teacher does not generalize to new problems.

SDPO does generalize to held-out test cases. SDPO’s gains on TRAIN SEEN largely carry over to
TRAIN UNSEEN (+23.1 vs. +18.4 on Qwen3-8B, +22.5 vs. +17.2 on Qwen3-14B, and +18.3 vs.
+16.7 on Olmo-3-7B-Instruct), retaining 76–91% of the gain compared with 81–103% for GRPO.
SDPO therefore overfits at the level of training problems instead of at the level of unit tests, and
produces fewer distinct solutions per training problem than GRPO (Figure 1). We hypothesize this
is because a problem’s test cases check the same specification, so a program that passes the seen test
cases is usually correct and passes the held-out ones too. This reconciles our results with those of
Hübotter et al. (2026); indeed, evaluating on TRAIN SEEN and TRAIN UNSEEN at 80 steps across
all three models, we find that SDPO beats GRPO.

On Qwen3 models, GRPO overtakes SDPO on training problems with longer training. SDPO
improves faster early on but then slows, while GRPO keeps improving and overtakes it after ∼160
steps on both TRAIN SEEN and TRAIN UNSEEN. At 200 steps on Qwen3-8B, GRPO scores 50.9
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on TRAIN SEEN and 46.2 on TRAIN UNSEEN, versus 48.9 and 44.0 for SDPO; on Qwen3-14B,
GRPO scores 54.1 and 49.2, versus 51.9 and 45.4. The ∼80-step comparison of Hübotter et al.
(2026) therefore does not reflect performance at convergence—at 80 steps, GRPO is still improving
and SDPO’s advantage disappears with further training. In Olmo-3-7B-Instruct, SDPO continues to
outperform GRPO on training problems.

4.2 SDPO DOES NOT GENERALIZE OOD IN SCIENCE REASONING AND TOOL USE

Given that SDPO overfits on coding problems, we also examine its reported gains in science rea-
soning and tool use, where Hübotter et al. (2026) find that SDPO outperforms GRPO. We ask how
broadly this advantage holds and whether it remains in out-of-domain settings.

Table 1: Cross-domain validation accuracy (avg@16) of Qwen3-8B after 200 training steps
(mean±std over four seeds). Rows vary across training domains while columns vary across evalua-
tion domains. OOD change is defined as the change in mean accuracy over all non-training domains.

Evaluated on

Trained on Biology Chemistry Material Physics Tool use OOD change

Base 30.5±1.6 41.3±0.6 59.0±0.5 59.2±0.7 57.9±0.4

SDPO
Biology 52.5±4.9 36.7±1.5 32.6±1.0 37.8±2.9 58.9±0.9 −12.8± 0.8
Chemistry 27.1±2.1 77.7±0.6 36.0±1.9 46.6±1.7 30.6±19.6 −16.6± 4.4
Material 33.0±2.7 47.0±1.5 73.5±3.3 45.3±8.8 35.1±7.0 −7.1± 4.0
Physics 33.7±1.8 45.2±2.0 47.2±4.9 73.1±4.3 12.5±16.6 −12.5± 4.6
Tool use 38.1±2.8 46.9±1.5 56.6±5.3 51.7±2.5 53.5±4.5 +0.9± 1.8

GRPO
Biology 51.0±2.2 42.1±0.8 60.5±2.4 59.9±2.0 59.6±1.1 +1.2± 0.9
Chemistry 31.1±2.2 68.9±1.1 62.3±1.5 60.3±0.9 59.1±0.8 +1.6± 0.4
Material 26.9±1.3 46.1±1.8 76.2±1.6 61.7±0.8 59.1±0.4 +1.2± 0.7
Physics 27.0±1.7 43.6±1.1 63.2±1.5 72.4±5.2 58.4±0.8 +0.9± 0.1
Tool use 30.4±2.2 41.9±0.4 54.3±1.6 54.8±1.8 66.3±0.7 −2.1± 1.2

Setup. Hübotter et al. (2026) evaluate SDPO on SciKnowEval multiple-choice science questions
(Feng et al., 2024) and ToolAlpaca (Tang et al., 2023), with teachers conditioned on correct neigh-
boring solutions. Unlike more difficult math and coding tasks, where reaching the answer requires
multi-step derivation, answers in these domains can be directly produced by choosing among four
options or emitting an API call whose structure is largely determined by the prompt. We train
Qwen3-8B with SDPO and GRPO on each domain for 200 steps over four seeds, following their
settings, and evaluate each trained model on the held-out validation set of all five domains; we report
our hyperparameters in Appendix E.1 and full training curves in Appendix D.2.

SDPO improves on the training domain faster, but GRPO converges to comparable accuracies.
In biology, chemistry, and physics, SDPO improves in-domain accuracy faster than GRPO early
in training, while GRPO improves gradually over all 200 steps (Figure 6). By step 200, the two
methods are within one standard deviation of each other in biology, material, and physics (SDPO
vs. GRPO: 52.5 vs. 51.0, 73.5 vs. 76.2, and 73.1 vs. 72.4); the only clear differences are chemistry,
where SDPO leads (77.7 vs. 68.9), and tool use, where GRPO leads (53.5 vs. 66.3) (Table 1).
Averaged over the five domains, both methods reach similar in-domain accuracy (66.1 for SDPO
and 67.0 for GRPO, up from 49.6 for the base model).

SDPO degrades out of domain, while GRPO does not. Training SDPO on any of the four sci-
ence domains lowers average out-of-domain accuracy by 7.1 to 16.6 points, whereas GRPO slightly
improves it (+0.9 to +1.6; Table 1). Training on tool use is the exception, with SDPO slightly
improving out-of-domain accuracy (+0.9), with GRPO slightly lowering it (−2.1). The drops are
largest when evaluating on material, physics, and tool use, where SDPO’s accuracy peaks early in
training and then declines steadily (Figure 6). SDPO’s in-domain gains thus come at the cost of
out-of-domain performance that policy-gradient training generally preserves.

6



Preprint

4.3 OPSD GAINS DEPEND ON THINKING MODE TRANSFER, NOT PRIVILEGED INFORMATION

OPSD (Zhao et al., 2026a) reports gains on AIME24, AIME25, and HMMT25 (Mathematical As-
sociation of America, 2024; Balunović et al., 2025) by distilling a thinking-on Qwen3 teacher con-
ditioned on a reference solution z into the same model with thinking off (Appendix C). The teacher
thus differs from the student in two ways: it sees z, and it thinks.

We therefore seek to isolate the influence of the content of z with the teacher thinking mode. If
OPSD gains come from conditioning on z, replacing it with the reference solution of a different
problem or removing it entirely should degrade performance.

Setup. Following Zhao et al. (2026a), we train on OpenThoughts (Guha et al., 2025) math problems,
each paired with a reference solution. We fix the student to thinking-off and ablate the teacher’s
thinking mode (on or off) and its privileged information: the problem’s own reference solution (ref
z), no reference solution (no z), or the reference solution of a different problem (shuffled z). The
teacher template is otherwise fixed, so the three differ only in the content of z.

Zhao et al. (2026a) train Qwen3-1.7B to 8B with OPSD for 100 steps and compare against thinking-
on GRPO (500 steps) and SFT (100 steps). To evaluate fully converged performance, we train
OPSD and SFT for 200 steps and GRPO, with thinking on and off, for 500 steps, and evaluate on
the same datasets with thinking on and off. As Shenfeld et al. (2026); Hübotter et al. (2026) sug-
gest self-distillation works better for larger models, we also test Qwen3-14B and a second model
family, Olmo-3-7B-Instruct. As the latter has no thinking toggle, we instead compare two teachers
given the same privileged information: the student itself (self-distillation) and Olmo-3-7B-Think,
a separately trained thinking model from the same family (cross-model distillation), which cleanly
separates privileged information from thinking-mode transfer. We report Qwen3-8B validation re-
sults in Table 2, remaining results and statistics in Appendix D.3, and hyperparameters in Table 24.

Table 2: Qwen3-8B training methods evaluated under avg@12 with thinking-on and thinking-off
evaluation. OPSD think/no think denote whether teacher thinking was on during OPSD training.
The subscript on GRPO runs denotes whether thinking was on or off during training. Denote z as
the reference solution shown to the teacher. For every evaluation mode, we report the checkpoint
with the best average performance (averaged over four seeds), reporting mean±std accuracy.

Thinking-on eval Thinking-off eval
Method AIME24 AIME25 HMMT25 Avg. AIME24 AIME25 HMMT25 Avg.
Baselines

Base 75.6 68.6 45.0 63.1 26.9 21.4 9.4 19.3
GRPOthink 76.5±0.3 69.4±1.0 45.1±2.7 63.7 28.5±0.8 22.4±1.7 11.8±1.5 20.9
GRPOnothink 76.5±0.5 70.8±1.4 45.6±1.8 64.3 34.6±2.0 23.6±1.3 12.9±1.1 23.7
SFT 76.0±1.7 70.0±0.5 43.0±1.7 63.0 65.1±1.0 51.2±2.0 33.8±1.0 50.0

OPSD (teacher thinking-on)
Ref z 77.2±1.1 71.6±1.1 46.4±0.4 65.0 45.1±1.6 34.5±0.7 19.8±2.4 33.1
No z 78.1±1.0 71.0±1.4 46.7±1.3 65.3 57.6±1.2 45.6±2.0 30.6±2.9 44.6
Shuffled z 78.3±0.6 71.2±0.9 45.9±1.0 65.1 41.5±7.3 36.7±4.5 21.2±3.4 33.2

OPSD (teacher thinking-off)
Ref z 77.2±0.8 70.2±1.7 46.2±1.3 64.6 26.8±1.6 22.7±0.8 9.1±0.5 19.5
No z 76.4±1.4 72.1±1.3 44.9±0.3 64.5 26.5±2.3 22.6±0.7 12.1±0.4 20.4
Shuffled z 77.6±0.6 70.2±0.8 46.8±0.9 64.9 26.9±1.9 19.2±1.5 11.2±1.7 19.1

The content of z does not matter. Holding the teacher’s thinking mode and the evaluation mode
fixed, we ablate z; on a sample rollout, removing it barely changes the teacher’s token probabilities
(Figure 2). “No z” often matches or outperforms “ref z”, especially in Zhao et al. (2026a)’s orig-
inal setting (thinking teachers and thinking-on evaluations), and “ref z” achieves the best average
accuracy in only three of 18 configurations, each by under one point. In the remaining thinking-on
evaluations, the best choice is always “no z” or “shuffled z”. Except for thinking-off evaluations
with a thinking-on teacher, the average accuracies of the three choices of z lie within 3.6 points of
each other in every configuration other than Qwen3-1.7B with a non-thinking teacher (up to 5.2;
Table 2, Appendix D.3). With a thinking-on teacher, thinking-off accuracy varies more across z (up
to 11.7 points), but “ref z” is never the best choice: “no z” or “shuffled z” beats it by up to 11.5
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points on Qwen3-8B. At every scale, a variant lacking either the presence or the relevance of a
correct reference matches “ref z”, so neither is required for OPSD’s gains.

Thinking-on gains are small and do not discriminate between hypotheses. OPSD’s headline
results are thinking-on evaluations of students trained with thinking teachers, which Zhao et al.
(2026a) attribute to teacher reasoning transfer. Beyond the smallest model, gains are modest (7.4,
0.8, 2.2, and 1.1 points for Qwen3-1.7B to Qwen3-14B for the best z), and every variant tested
recovers them: thinking-off distillation (6.1, 0.8, 1.8, and 0.7), any choice of z, and, on Qwen3-8B,
a loss restricted to the last 10% of tokens (Appendix D.5). GRPO trained thinking-off is also always
slightly larger than thinking-on GRPO. Thinking-on gains are thus not evidence for any particular
transfer mechanism, so we focus on thinking-off evaluations, the student’s native inference mode.

Thinking-on teachers induce student thinking. Rather than improving student direct-answer ca-
pabilities, OPSD with a thinking teacher relies on thinking-mode transfer. Enabling teacher think-
ing improves average thinking-off accuracy by 7.6, 22.9, 17.3, and 28.9 points for Qwen3-1.7B to
Qwen3-14B, whereas replacing ref z with shuffled z changes it by 2.15, −0.2, −0.15, and −0.15
points. Likewise, Olmo-3-7B-Instruct gains 3.6 points with a self-teacher but 13.8 with Olmo-3-7B-
Think, averaged over choices of z (Table 11). Since Zhao et al. (2026a) report only results with a
thinking teacher, their remaining thinking-off gains are driven by the teacher’s thinking mode, not by
privileged information. This transfer is visible in the students’ outputs: in thinking-off evaluations,
Qwen3 students distilled from a thinking teacher often emit an orphan </think> token, closing a
thinking block that the chat template has already closed (Appendix C). These rollouts reason in the
first person, box an answer, emit </think>, then write a clean solution, mirroring a thinking-on
response (Figures 7 to 9). Among on-policy methods, orphan tokens occur mainly in thinking-off
rollouts from OPSD with thinking teachers (up to 69.9%); GRPO and the base model produce none,
and OPSD with a thinking-off teacher at most 6.7%. Thinking-on teachers also increase response
length by 2.72 to 5.82 times, approaching the base model’s thinking-on lengths (Table 14, Ap-
pendix D.3), whereas length stays more stable with teacher thinking disabled (0.8 to 2.52 times the
base model’s). Thus, with teacher thinking enabled, OPSD’s thinking-off gains come from forcing
thinking-mode behavior into thinking-off mode, which requires no privileged information.

4.4 SELF-DISTILLATION GRADIENTS DO NOT ALIGN WITH POLICY GRADIENTS

The preceding sections examine the behavior of trained models. We now examine the self-
distillation update itself and ask whether a self-distillation step moves the policy in a direction that
increases reward on held-out problems. Let Jheld(θ) be πθ’s expected reward on held-out problems
and g be a given method’s update direction. To a first order approximation,

Jheld(θ0 + ηg)− Jheld(θ0) = η⟨∇θJheld(θ0), g⟩+O(η2), (5)

so for η sufficiently small, a step along g increases held-out reward if and only if g has positive cosine
similarity with ∇θJheld. We estimate ∇θJheld by the GRPO gradient on held-out problems and g by
the self-distillation gradient and propose that their cosine similarity therefore measures whether a
method’s update generalizes locally, without needing to train to convergence. This cosine similarity
metric is also loosely motivated by Section 3.1): if the self-conditioned teacher approximates π∗

(Equation (4)), as Shenfeld et al. (2026) assume, the distillation gradient should follow the policy
gradient on the training problems. Here we ask the analogous question on held-out problems, where
the policy gradient is the direction that improves generalization.

Setup. Practical self-distillation losses differ from the idealized objectives of Proposition 3.1: they
use other divergences such as Jensen–Shannon, per-token clipping, top-k logit approximations, and
EMA teachers (Equation (3)), so rather than testing the proposition’s equality directly, we test a
consequence: a method whose teacher approximates the optimal teacher should update the model
in the same direction as the policy gradient. We therefore measure the cosine similarity between
each method’s training gradient and a reference, the GRPO gradient on held-out problems, which
is the policy gradient direction that increases reward on new problems. To a first order approx-
imation, a small step along a method’s gradient increases held-out reward if its cosine similarity
with the reference is positive, and decreases it if negative. All gradients are estimated at the base
model: on-policy RL favors high-reward policies that stay close to the base model in KL (Shen-
feld et al., 2025), so we test whether the teacher is KL-optimal relative to the base model. We use
the same setup as Section 4.1 and Section 4.3: for math, methods train on OpenThoughts and the
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reference is GRPOnothink on AIME24, AIME25, and HMMT25 (held-out math policy gradient); for
LiveCodeBench v6, methods train on TRAIN SEEN and the reference is GRPO on TEST UNSEEN.
We report our complete results in Appendix D.6. Since cosine similarity is a nonlinear function of
the pooled gradients and we estimate gradients over four seeds, we estimate its error with a leave-
one-seed-out jackknife; we detail our gradient estimation method in Appendix E.3.

Table 3: Cosine similarity with the held-
out GRPOnothink gradient on math for
Qwen3-8B (pooled over four seeds ±
jackknife error).

Method Similarity

Baselines
GRPOthink −0.014± 0.019
GRPOnothink +0.118± 0.050
SFT −0.075± 0.031

OPSD (teacher thinking-on)
Ref z −0.160± 0.020
No z −0.157± 0.019
Shuffled z −0.157± 0.019

OPSD (teacher thinking-off)
Ref z −0.163± 0.013
No z −0.172± 0.018
Shuffled z −0.163± 0.011

Table 4: Cosine similarity with the held-
out GRPO gradient on LiveCodeBench v6
(TEST UNSEEN) for methods trained on
TRAIN SEEN (pooled over four seeds ±
jackknife error).

Model GRPO SDPO

Qwen3-8B +0.121± 0.011 −0.167± 0.063
Qwen3-14B +0.070± 0.042 +0.013± 0.112
Olmo-3-7B-Instruct +0.422± 0.091 +0.062± 0.028

OPSD points away from the held-out math policy
gradient. Across Qwen3-1.7B to 14B, GRPOnothink is
the only method with positive cosine similarity with
the held-out policy gradient on every model (+0.018
to +0.166), and clearly so on Qwen3-8B and 14B
(+0.118±0.050 and +0.166±0.029; Tables 3 and 18).
In contrast, all 24 OPSD variants have negative cosine
similarity (−0.205 to −0.067). On Qwen3-8B, the six
variants lie between −0.172 and −0.157, within each
other’s error bars. Notably, OPSD with a thinking-on
teacher points away from the held-out policy gradient
despite its large thinking-off gains (Table 2): rather than
moving the student towards its own high-reward solu-
tions like policy gradients, it improves performance by
matching the teacher’s thinking style (Section 4.3). In-
stead, on Olmo-3-7B-Instruct, GRPO and all six OPSD
variants have small positive cosine similarity (+0.026
to +0.062), but their jackknife errors (0.021 to 0.054)
are comparable to the values themselves, so none are
clearly resolved from zero (Table 19).

SDPO gradients are less aligned than GRPO gradi-
ents. On LiveCodeBench v6, SDPO is less aligned with
the held-out policy gradient than GRPO on all three
models, and points away from it on Qwen3-8B (Ta-
ble 4). These results are consistent with SDPO’s fail-
ure to improve TEST UNSEEN accuracy (Section 4.1),
suggesting the self-distillation objective is only weakly
correlated with generalizable reward maximization.

Self-distillation gradients have low variance but are
misaligned. OPSD and SDPO gradients are nearly
identical across seeds: their gradient noise scale (McCandlish et al., 2018), a normalized measure of
variance across seeds where 0 is noiseless (Appendix E.3), is at most 0.05, versus 1.97 to 4.11 for
GRPO across all models (see Appendix D.6). Self-distillation thus delivers the low-variance signal
it promises, but that signal does not point along the held-out policy gradient: the self-conditioned
teacher does not approximate the optimal teacher of Proposition 3.1.

5 LIMITATIONS

Our experiments are limited to the Qwen3 and Olmo model families and the SDPO and OPSD self-
distillation recipes. We do not address the more recent developments on self-distillation techniques,
which include harnesses (Zhao et al., 2026b), contrastive formulations (Pan et al., 2026), or more
complex aggregation of feedback from neighboring rollouts (Yu et al., 2026), which may combat
the limitations of these self-distillation methods. Moreover, we focus on verifiable domains and
acknowledge that self-distillation has use cases in non-verifiable settings (Buening et al., 2026).

6 CONCLUSION

We show that the gains attributed to privileged self-distillation either do not generalize or do not
come from privileged information. SDPO’s improvements on LiveCodeBench v6 are confined
to problems seen during training, and its gains in other domains are come at the cost of out-of-
distribution performance. OPSD’s math gains rely on thinking-mode transfer, with privileged infor-
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mation having little effect. Finally, self-distillation gradients do not align with the policy gradient
on held-out problems, indicating that the self-conditioned teacher does not approximate the opti-
mal teacher. Together, these results highlight the need to develop principled reinforcement learning
methods that can exploit privileged information.

AI USE STATEMENT

In this work, we used generative AI tools to propose or refine hypotheses, design or provide feed-
back on research methodology or experiments, implement methods, support qualitative and thematic
data analysis, and interpret results. We did not use generative AI tools to help develop theoretical
models or conceptual frameworks, formulate mathematical claims, provide critical ingredients for
proving mathematical claims, or assist in writing proofs. Generating synthetic datasets, transla-
tion, and cleaning or reformatting datasets are not applicable to this work. Additionally, we used
generative AI tools to create or modify scientific figures, summarize or analyze existing literature,
discover research topics or identify gaps, brainstorm, search for information, identify relevant liter-
ature, propose a title or keywords, draft parts of the paper, edit the paper for readability, and create
or edit software code. We have reviewed all AI-assisted work: two authors reviewed and tested
LLM-generated code for correctness, and we checked all LLM-retrieved examples. We take respon-
sibility for the final content of this work, including text, claims, and artifacts produced with the aid
of generative AI.

REPRODUCIBILITY STATEMENT

We make our code publicly available at https://github.com/sleepypandu/
does-sd-improve-reasoning. We detail our experimental setups and hyperparame-
ters for SDPO and GRPO on LiveCodeBench v6, SciKnowEval, and ToolAlpaca in Appendix E.1;
for OPSD, GRPO, and SFT on OpenThoughts in Appendix E.2; for the gradient similarity analysis
in Appendix E.3; and the OPSD prompts in Appendix E.4. The proof of Proposition 3.1 is in
Appendix B.
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Evaluating LLMs on uncontaminated math competitions. In Advances in Neural Information
Processing Systems (Datasets and Benchmarks Track), 2025.
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A EXTENDED RELATED WORKS

We divide existing work on the limitations of self-distillation techniques into the following:

Empirical re-evaluations. Wang et al. (2026) demonstrate that SDPO struggles to generalize to
out-of-distribution domains, and fail in continual learning settings where GRPO succeeds. Kaur
et al. (2026) highlight that self-distillation degrades thinking-models; with previous works primarily
focusing on instruction-tuned models. Concurrent to our work, Shrestha & Tessier (2026); Zhang
et al. (2026); Ichihara et al. (2026) show that OPSD does not rely on privileged information, but on
thinking-mode transfer. In contrast to these works, we provide our results with an exact reproduction
of SDPO and OPSD training and evaluating settings, and we ask whether SDPO’s gains in other
domains reflect improvements in reasoning.

Token-level symptoms. Kim et al. (2026); Kaur et al. (2026); Pan et al. (2026); Harne et al. (2026)
show that self-distillation losses concentrate on tokens which express uncertainty and have high
entropy. This results in a suppression of the student’s backtracking behavior and collapse in response
lengths. Instead, we focus on the positive results reported by OPSD, and find through token-level
diagnoses and response length metrics, that performance improvements relate to thinking-mode
transfer.

Sequence-level diagnoses. Nguyen et al. (2026) develop statistics that indicate that the self-
conditioned teacher cannot differentiate between correct and incorrect solutions generated by the
student. Harne et al. (2026) present analogous results, showing that the self-conditioned teacher is
greatly biased towards the reference solution it is provided, mirroring Yang et al. (2026)’s results
indicating that the teacher leaks privileged information. On the other hand, we diagnose whether the
self-conditioned teacher approximates the optimal KL-regularized model, which is an assumption
behind prior self-distillation work (Shenfeld et al., 2026).

Remedies. Pan et al. (2026) and Yang et al. (2026) retain GRPO as a learning signal and use the
self-conditioned teacher only to modulate its per-token advantages. Because these methods do not
rely on the self-distillation loss alone, which is the setting we study, they fall outside the scope of
this work. Their reliance on GRPO is consistent with Harne et al. (2026), who question whether
the self-distillation objective on its own, without such auxiliary machinery, yields any performance
gains at all.

B PROOF OF PROPOSITION 3.1

We restate the proposition for convenience.

Proposition 3.1. Consider the single-prompt setting, with a fixed x ∼ ρ(·). Fix any policy
πθ(·|x) over Y , a binary reward function R : X × Y → {0, 1}, and β > 0, and define the
optimal teacher π∗(y|x) = 1

Z(x)πθ(y|x) exp (R(x, y)/β), which maximizes Ey∼π(·|x)[R(x, y)] −
βDKL(π(·|x) ∥πθ(·|x)) over policies π. Since x is fixed, we suppress it from the notation, writing
πθ(y), R(y), Z, and π∗(y) = 1

Zπθ(y) exp (R(y)/β). Then, we have that:

∇θEy∼πθ
[R(y)]

∥∇θEy∼πθ
[R(y)]∥2

= − ∇θDKL(sg (π
∗) ∥πθ)

∥∇θDKL(sg (π∗) ∥πθ)∥2
= − ∇θDKL(πθ ∥ sg (π∗))

∥∇θDKL(πθ ∥ sg (π∗))∥2
, (4)

whenever ∇θEy∼πθ
[R(y)] is non-zero.

Proof. We use the notation of the proposition, suppressing x. Since Y is finite, all expectations over
Y are finite sums, so gradients commute with expectations, and we have the log-derivative identity
∇θπθ(y) = πθ(y)∇θ log πθ(y) and the score identity Ey∼πθ

[∇θ log πθ(y)] =
∑

y ∇θπθ(y) = 0.
Let J(θ) = Ey∼πθ

[R(y)] and g = ∇θJ(θ). We show that both KL gradients are negative multiples
of g.

Policy gradient. By the log-derivative identity,

g = Ey∼πθ
[R(y)∇θ log πθ(y)] .
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Reverse KL. Since sg (π∗) is constant in θ,

∇θDKL(πθ ∥ sg (π∗)) =
∑
y

(∇θπθ(y)) log
πθ(y)

π∗(y)
+

∑
y

πθ(y)∇θ log πθ(y)

= Ey∼πθ

[
log

πθ(y)

π∗(y)
∇θ log πθ(y)

]
(score identity)

= Ey∼πθ
[(logZ −R(y)/β)∇θ log πθ(y)] (definition of π∗)

= − 1

β
g. (score identity)

Forward KL. Since π∗(y) > 0 if and only if πθ(y) > 0, we may change measure from π∗ to πθ:
∇θDKL(sg (π

∗) ∥πθ) = −Ey∼π∗ [∇θ log πθ(y)]

= −Ey∼πθ

[
π∗(y)

πθ(y)
∇θ log πθ(y)

]
= − 1

Z
Ey∼πθ

[exp(R(y)/β)∇θ log πθ(y)] .

Because R(y) ∈ {0, 1}, we have exp(R(y)/β) = 1 + (e1/β − 1)R(y). Substituting and applying
the score identity to the constant term,

∇θDKL(sg (π
∗) ∥πθ) = −e1/β − 1

Z
g.

Conclusion. Both 1/β and (e1/β − 1)/Z are strictly positive for β > 0. Hence, whenever g ̸= 0⃗,
the negated gradients of both KL objectives are positive multiples of g, and normalizing each to unit
ℓ2 norm yields Equation (4).

C QWEN3 THINKING MODES

Qwen3 models support a thinking and a non-thinking mode in the same model (Qwen Team, 2025).
For the flagship models (Qwen3-32B and Qwen3-235B-A22B), the two modes are merged during
post-training (Thinking Mode Fusion) by fine-tuning on a mixture of “thinking” and “non-thinking”
data. The smaller models (Qwen3 0.6B to 14B and Qwen3-30B-A3B) inherit both of these modes
through supervised fine-tuning and on-policy-distillation from the flagship models. Concretely, in
thinking mode, the model reasons inside a <think>. . .</think> block before responding. The
mode is toggled via the enable thinking argument of the chat template. When it is set to False,
an empty think block is prefilled in the assistant turn:

<|im_start|>assistant
<think>

</think>

In non-thinking mode, the model is trained to respond directly after this empty thinking block.

D EXTENDED EXPERIMENTAL RESULTS

D.1 SDPO LIVECODEBENCH V6 PERFORMANCE

Figures 4 and 5 show the LiveCodeBench v6 training curves for Qwen3-14B and Olmo-3-7B-
Instruct, complementing Figure 3 for Qwen3-8B. Tables 5 to 7 also reports the scores of all three
models on TEST UNSEEN, TRAIN SEEN, and TRAIN UNSEEN at training steps 0, 80, and 200.

D.2 SDPO SCIENCE REASONING AND TOOL USE PERFORMANCE

Figure 6 shows the validation accuracy of GRPO and SDPO on all five SciKnowEval and ToolAlpaca
domains throughout training, complementing the step 200 results in Table 1 (Section 4.2).
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Figure 4: Qwen3-14B SDPO vs. GRPO on LiveCodeBench v6 across four seeds, scored as the frac-
tion of problems with no failing test cases (mean ± std). TRAIN SEEN and TRAIN UNSEEN evaluate
problems seen during training, on seen and on held-out test cases respectively; TEST UNSEEN eval-
uates held-out problems.

Figure 5: Olmo-3-7B-Instruct SDPO vs. GRPO on LiveCodeBench v6 across four seeds,
scored as the fraction of problems with no failing test cases (mean ± std). TRAIN SEEN and
TRAIN UNSEEN evaluate problems seen during training, on seen and on held-out test cases respec-
tively; TEST UNSEEN evaluates held-out problems.

Table 5: LiveCodeBench v6 score (fraction of problems with no failing test cases, mean±std over
four seeds) on TEST UNSEEN for SDPO and GRPO at initialization, 80 steps, and 200 steps. Bold
marks the better method at each step.

Model Method Step 0 Step 80 Step 200
Qwen3-8B SDPO 32.3±1.6 30.1±0.7 29.8±1.1

GRPO 30.6±1.0 33.3±1.9 34.3±0.5
Qwen3-14B SDPO 32.8±0.7 33.9±2.8 32.3±1.3

GRPO 33.6±0.4 36.4±3.7 38.5±2.2
Olmo-3-7B-Instruct SDPO 30.9±1.0 25.2±1.0 21.0±1.4

GRPO 31.5±1.8 32.7±1.2 34.1±0.8

Table 6: LiveCodeBench v6 score (fraction of problems with no failing test cases, mean±std over
four seeds) on TRAIN SEEN for SDPO and GRPO at initialization, 80 steps, and 200 steps. Bold
marks the better method at each step.

Model Method Step 0 Step 80 Step 200
Qwen3-8B SDPO 25.8±1.8 48.6±0.7 48.9±1.6

GRPO 25.1±0.7 43.8±2.4 50.9±1.1
Qwen3-14B SDPO 29.4±0.4 49.2±1.3 51.9±1.5

GRPO 29.0±2.0 45.4±1.8 54.1±2.5
Olmo-3-7B-Instruct SDPO 28.9±1.7 52.9±2.3 47.2±4.7

GRPO 28.0±1.9 39.7±1.3 43.7±2.4
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Table 7: LiveCodeBench v6 score (fraction of problems with no failing test cases, mean±std over
four seeds) on TRAIN UNSEEN for SDPO and GRPO at initialization, 80 steps, and 200 steps. Bold
marks the better method at each step.

Model Method Step 0 Step 80 Step 200
Qwen3-8B SDPO 25.6±0.5 44.1±1.0 44.0±1.7

GRPO 25.4±1.0 41.2±2.4 46.2±2.0
Qwen3-14B SDPO 28.2±1.4 43.0±0.2 45.4±2.1

GRPO 26.0±1.0 41.8±1.6 49.2±2.0
Olmo-3-7B-Instruct SDPO 25.9±1.6 48.5±1.4 42.6±6.2

GRPO 25.8±0.4 36.2±2.3 41.9±0.8
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Figure 6: Cross-domain validation accuracy of Qwen3-8B trained with GRPO and SDPO on Sci-
KnowEval and ToolAlpaca, averaged over four seeds. Panels vary over training domains (across
rows) and evaluation domains (across columns).
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D.3 OPSD METRICS ON QWEN3 MODELS

Table 8: Qwen3-1.7B training methods evaluated under avg@12 with thinking-on and thinking-off
evaluation. OPSD think/no think denote whether teacher thinking was on during OPSD training.
The subscript on GRPO runs denotes whether thinking was on or off during training. Denote z as
the reference solution shown to the teacher. For every evaluation mode, we report the checkpoint
with the best average performance (averaged over four seeds), reporting mean±std accuracy.

Thinking-on eval Thinking-off eval
Method AIME24 AIME25 HMMT25 Avg. AIME24 AIME25 HMMT25 Avg.
Baselines

Base 46.7 34.4 21.9 34.4 15.8 10.0 4.4 10.1
GRPOthink 49.9±3.5 36.3±1.3 23.5±3.1 36.6 15.3±1.8 8.7±1.9 5.9±1.4 10.0
GRPOnothink 49.9±2.1 37.8±1.7 24.7±1.1 37.4 14.7±1.1 11.4±0.6 6.7±0.6 10.9
SFT 50.3±0.8 36.9±1.3 25.8±1.4 37.6 37.8±3.3 27.6±1.2 18.3±2.1 27.9

OPSD (teacher thinking-on)
Ref z 56.0±1.2 42.4±1.6 27.1±0.5 41.8 26.7±2.0 19.7±1.7 12.2±1.3 19.5
No z 53.0±2.3 39.7±1.0 26.5±0.9 39.7 16.4±1.4 13.1±0.7 7.4±0.9 12.3
Shuffled z 56.0±1.4 39.2±0.7 27.8±0.5 41.0 28.8±1.6 21.5±1.0 16.0±1.2 22.1

OPSD (teacher thinking-off)
Ref z 54.1±1.9 39.7±0.9 27.2±1.2 40.3 15.2±0.7 11.5±1.5 6.4±0.7 11.0
No z 49.0±2.8 36.9±0.9 21.8±1.3 35.9 11.2±0.8 7.2±0.8 4.2±0.7 7.5
Shuffled z 54.0±0.8 40.1±2.0 27.4±1.7 40.5 16.4±1.6 13.2±1.4 8.5±0.3 12.7

Table 9: Qwen3-4B training methods evaluated under avg@12 with thinking-on and thinking-off
evaluation. OPSD think/no think denote whether teacher thinking was on during OPSD training.
The subscript on GRPO runs denotes whether thinking was on or off during training. Denote z as
the reference solution shown to the teacher. For every evaluation mode, we report the checkpoint
with the best average performance (averaged over four seeds), reporting mean±std accuracy.

Thinking-on eval Thinking-off eval
Method AIME24 AIME25 HMMT25 Avg. AIME24 AIME25 HMMT25 Avg.
Baselines

Base 76.4 67.8 43.1 62.4 21.7 20.3 11.9 18.0
GRPOthink 73.3±0.9 67.0±1.7 44.3±1.6 61.6 23.6±0.9 20.8±1.0 11.7±0.9 18.7
GRPOnothink 74.3±0.3 66.2±0.8 44.9±0.7 61.8 28.3±1.6 22.6±0.8 14.4±0.6 21.8
SFT 74.1±1.6 68.3±1.1 42.3±1.1 61.6 61.9±2.5 50.7±1.4 32.9±1.5 48.5

OPSD (teacher thinking-on)
Ref z 76.1±1.0 67.2±0.9 44.9±1.1 62.7 54.4±2.1 51.9±2.2 31.1±2.0 45.8
No z 74.5±2.0 70.0±2.2 45.0±0.8 63.2 42.0±0.7 37.3±2.0 24.0±1.1 34.4
Shuffled z 75.6±1.9 67.2±0.6 46.1±1.4 62.9 55.9±2.6 51.5±3.5 31.0±0.8 46.1

OPSD (teacher thinking-off)
Ref z 76.2±0.5 66.9±1.3 43.6±1.5 62.2 27.3±1.7 21.6±0.8 12.1±1.0 20.3
No z 74.0±0.3 66.5±1.8 43.1±1.1 61.2 22.6±0.9 19.3±1.7 11.3±0.1 17.8
Shuffled z 76.2±1.1 68.1±2.2 45.2±0.7 63.2 26.2±1.8 22.6±1.6 10.1±0.7 19.6
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Table 10: Qwen3-14B training methods evaluated under avg@12 with thinking-on and thinking-off
evaluation. OPSD think/no think denote whether teacher thinking was on during OPSD training.
The subscript on GRPO runs denotes whether thinking was on or off during training. Denote z as
the reference solution shown to the teacher. For every evaluation mode, we report the checkpoint
with the best average performance (averaged over four seeds), reporting mean±std accuracy.

Thinking-on eval Thinking-off eval
Method AIME24 AIME25 HMMT25 Avg. AIME24 AIME25 HMMT25 Avg.
Baselines

Base 80.0 73.9 49.2 67.7 29.7 23.3 12.2 21.8
GRPOthink 80.8±1.1 74.0±0.6 50.1±1.0 68.3 31.1±1.1 24.6±0.5 12.6±0.6 22.8
GRPOnothink 80.7±1.7 73.5±0.8 51.2±1.8 68.5 30.7±1.8 24.7±2.4 13.6±0.5 23.0
SFT 79.7±1.0 71.6±1.1 49.6±0.9 66.9 65.7±1.2 54.7±1.7 33.8±1.4 51.4

OPSD (teacher thinking-on)
Ref z 80.8±0.6 72.7±1.3 49.7±1.5 67.7 65.3±3.8 51.8±6.5 35.4±2.4 50.8
No z 82.3±1.1 73.1±1.4 51.0±2.3 68.8 66.3±3.3 59.9±1.8 41.0±2.9 55.7
Shuffled z 80.5±0.7 73.9±1.1 49.7±1.2 68.0 64.2±5.8 54.7±5.0 37.6±4.6 52.1

OPSD (teacher thinking-off)
Ref z 80.7±1.0 72.6±1.1 50.0±2.5 67.8 32.6±1.4 25.6±0.8 13.1±1.1 23.8
No z 81.5±1.1 73.9±0.8 50.0±1.3 68.4 34.2±1.9 26.8±0.7 16.5±1.4 25.8
Shuffled z 80.0±1.0 74.0±1.3 50.8±2.0 68.3 29.2±2.3 24.7±1.0 12.6±1.7 22.2

Table 11: Olmo-3-7B-Instruct training methods evaluated under avg@12. OPSD self-distill uses
the frozen Olmo-3-7B-Instruct as the teacher, while OPSD cross-model uses Olmo-3-7B-Think as
the teacher. Denote z as the reference solution shown to the teacher. We report the checkpoint with
the best average performance (averaged over four seeds), reporting mean±std accuracy.

Method AIME24 AIME25 HMMT25 Avg.
Baselines

Base 50.3 37.2 23.6 37.0
GRPO 51.9±1.3 39.2±1.0 25.6±2.3 38.9
SFT 53.1±0.5 40.4±0.9 24.7±1.2 39.4

OPSD (self-distill)
Ref z 55.4±1.0 41.7±0.4 26.4±0.8 41.2
No z 54.0±1.7 41.7±1.3 25.3±0.9 40.3
Shuffled z 53.3±1.9 40.6±1.1 26.7±1.2 40.2

OPSD (cross-model)
Ref z 64.6±2.5 50.7±1.1 35.9±2.2 50.4
No z 66.1±1.3 52.3±2.1 38.1±1.3 52.2
Shuffled z 63.7±1.1 51.0±1.0 34.7±2.0 49.8
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Table 12: Qwen3-1.7B average response length and percentage of rollouts with an orphan
</think> tokens generated per method. Statistics are pooled over the rollouts generated from the
existing AIME 24, AIME 25, and HMMT 25 evaluations at the best checkpoint when performance
was averaged over four seeds. We report mean±std over seeds. Tok@best refers to the average
response length in tokens of the best checkpoint, Tok@200 is the same quantity at checkpoint 200,
and Orph.% refers to the fraction of thinking-off rollouts generated by the best checkpoint that emit
a </think> with no opener of their own (we do not compute this for thinking-on as the model
emits its own <think> and the closer is always matched).

Thinking-on eval Thinking-off eval
Method Tok@200 Tok@best Orph. % Tok@200 Tok@best
Baselines

Base 18413 18413 0.0 2889 2889
GRPOthink 18220±1459 18356±743 0.0±0.0 2985±374 2827±145
GRPOnothink 19089±1475 19517±1849 0.0±0.0 3161±874 3187±580
SFT 14646±219 20023±160 48.4±1.5 15438±118 15438±118

OPSD (teacher thinking-on)
Ref z 20526±224 21301±271 31.7±1.0 10602±157 10602±157
No z 20991±356 20967±111 3.2±0.8 9887±978 9534±773
Shuffled z 19821±288 19933±102 42.2±1.0 11397±422 11456±243

OPSD (teacher thinking-off)
Ref z 18869±217 20026±166 0.3±0.2 3442±311 4008±104
No z 18553±295 17374±165 0.0±0.0 4816±3008 2381±197
Shuffled z 17619±45 21258±66 0.7±0.2 3121±208 5470±231

Table 13: Qwen3-4B average response length and orphan </think> tokens generated per method.
Statistics are pooled over the rollouts generated from the existing AIME 24, AIME 25, and HMMT
25 evaluations at the best checkpoint when performance was averaged over four seeds. We report
mean±std over seeds. Tok@best refers to the average response length in tokens of the best check-
point and Tok@200 is the same quantity at checkpoint 200. Orph.% refers to the fraction of rollouts
generated by the best checkpoint with thinking disabled that emit a </think> with no opener of
their own (we do not compute this for thinking-on as the model emits its own <think> and the
closer is always matched).

Thinking-on eval Thinking-off eval
Method Tok@200 Tok@best Orph. % Tok@200 Tok@best
Baselines

Base 17556 17556 0.0 3719 3719
GRPOthink 17742±197 17456±106 0.0±0.0 3604±170 3746±277
GRPOnothink 17855±350 18078±585 0.0±0.0 4348±652 4693±537
SFT 13871±153 18273±220 53.0±1.7 14028±70 14028±70

OPSD (teacher thinking-on)
Ref z 19814±161 19832±129 64.1±1.6 16518±339 16445±308
No z 20711±205 20310±193 20.3±3.2 18560±759 15733±502
Shuffled z 19542±302 19789±51 69.9±2.6 16758±322 16732±126

OPSD (teacher thinking-off)
Ref z 19666±161 19666±161 1.9±0.3 7138±209 7127±372
No z 18161±207 17082±114 0.0±0.0 4621±177 3395±126
Shuffled z 19368±145 19879±118 2.0±0.2 6670±135 6670±135
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Table 14: Qwen3-8B average response length and orphan </think> tokens generated per method.
Statistics are pooled over the rollouts generated from the existing AIME 24, AIME 25, and HMMT
25 evaluations at the best checkpoint when performance was averaged over four seeds. We report
mean±std over seeds. Tok@best refers to the average response length in tokens of the best check-
point and Tok@200 is the same quantity at checkpoint 200. Orph.% refers to the fraction of rollouts
generated by the best checkpoint with thinking disabled that emit a </think> with no opener of
their own (we do not compute this for thinking-on as the model emits its own <think> and the
closer is always matched).

Thinking-on eval Thinking-off eval
Method Tok@200 Tok@best Orph. % Tok@200 Tok@best
Baselines

Base 18264 18264 0.0 3580 3580
GRPOthink 18209±484 18160±417 0.0±0.0 3762±123 3762±123
GRPOnothink 18453±203 18479±243 0.0±0.0 4116±367 4355±313
SFT 17807±86 18511±254 75.0±1.0 14488±143 14456±206

OPSD (teacher thinking-on)
Ref z 20255±167 20188±131 30.6±2.5 12025±223 9750±384
No z 20174±123 20284±189 40.1±3.5 15493±447 15493±447
Shuffled z 20008±131 19669±524 25.2±6.3 13864±636 13864±636

OPSD (teacher thinking-off)
Ref z 19460±151 19403±45 4.7±1.3 5870±110 5384±241
No z 19003±146 19003±146 0.0±0.0 6736±544 5944±230
Shuffled z 19385±157 19356±156 6.7±0.3 5710±252 9027±160

Table 15: Qwen3-14B average response length and orphan </think> tokens generated per
method. Statistics are pooled over the rollouts generated from the existing AIME 24, AIME 25,
and HMMT 25 evaluations at the best checkpoint when performance was averaged over four seeds.
We report mean±std over seeds. Tok@best refers to the average response length in tokens of the
best checkpoint and Tok@200 is the same quantity at checkpoint 200. Orph.% refers to the fraction
of rollouts generated by the best checkpoint with thinking disabled that emit a </think> with no
opener of their own (we do not compute this for thinking-on as the model emits its own <think>
and the closer is always matched).

Thinking-on eval Thinking-off eval
Method Tok@200 Tok@best Orph. % Tok@200 Tok@best
Baselines

Base 16757 16757 0.0 3341 3341
GRPOthink 16435±223 16447±144 0.0±0.0 3389±142 3438±79
GRPOnothink 16638±200 16646±270 0.0±0.0 3500±357 3569±89
SFT 17061±138 17597±160 48.4±1.6 13145±117 13119±74

OPSD (teacher thinking-on)
Ref z 17484±109 17525±128 55.7±10.4 13609±1780 13609±1780
No z 18370±23 18179±202 67.7±6.2 20468±532 19456±631
Shuffled z 17653±200 17794±142 64.6±17.2 16657±403 14496±832

OPSD (teacher thinking-off)
Ref z 17449±125 17576±194 0.0±0.0 8608±411 5998±273
No z 17460±139 17636±69 0.0±0.0 8522±1134 6526±791
Shuffled z 17327±239 17292±282 0.0±0.0 7903±459 5653±407
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Table 16: Olmo-3-7B-Instruct average response length and orphan </think> tokens generated
per method. Statistics are pooled over the rollouts generated from the existing AIME 24, AIME 25,
and HMMT 25 evaluations at the best checkpoint when performance was averaged over four seeds.
We report mean±std over seeds. Tok@best refers to the average response length in tokens of the
best checkpoint and Tok@200 is the same quantity at checkpoint 200. Orph.% refers to the fraction
of rollouts generated by the best checkpoint with thinking disabled that emit a </think> with
no opener of their own. Olmo-3-7B-Instruct’s chat template already ignores enable thinking
(every variant renders an identical prompt with no tag prefilled, hence no thinking-on column), and
its native format is to reason with no opener and then emit </think> before a clean final answer,
so its base model already scores 63.0% and emits <think> in 0.0% of rollouts.

Thinking-off eval
Method Orph. % Tok@200 Tok@best
Baselines

Base 63.0 7732 7732
GRPO 63.7±1.7 7888±134 7915±214
SFT 69.3±1.3 8794±175 8646±71

OPSD (self teacher)
Ref z 56.4±1.3 7501±131 8262±101
No z 56.2±1.0 7266±110 8427±78
Shuffled z 55.3±1.7 7897±121 8347±183

OPSD (teacher Olmo-3-7B-Think)
Ref z 99.1±0.3 14239±84 14239±84
No z 98.4±0.4 14745±24 14745±24
Shuffled z 99.2±0.4 14019±178 14019±178
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D.4 OPSD EXAMPLE GENERATIONS

Problem: There exist real numbers x and y, both greater than 1, such that logx (y
x) = logy

(
x4y

)
= 10.

Find xy.

Model output (thinking-off):
We are given the following equations involving logarithms:

$$
\log x(yˆx) = 10 \quad \text{and} \quad \log y(xˆ{4y}) = 10
$$

We are to find the value of $ xy $, where $ x > 1 $ and $ y > 1 $ are
real numbers.

[... solution continues ...]

### Step 3: Multiply equations (3) and (4)

Let’s multiply both equations together:

$$
\left(x \cdot \frac{\log y}{\log x} \right) \cdot \left(4y \cdot
\frac{\log x}{\log y} \right) = 10 \cdot 10 = 100
$$

Simplify the left-hand side:

$$
x \cdot 4y \cdot \frac{\log y}{\log x} \cdot \frac{\log x}{\log y} = 4xy
$$

So:

$$
4xy = 100 \Rightarrow xy = \frac{100}{4} = 25
$$

---

### Final Answer:

$$
\boxed{25}
$$

Figure 7: Base Qwen3-8B thinking-off rollout on an AIME24 problem generated with temperature
1.0. The chat template opens a <think> block, the model reasons in the first person, tests several
numerical values of x before finding a one-line argument, and closes the block with a single matched
</think> before writing a polished solution. Exactly one <think> and one </think> appear
in the generation. The full generation is 559 tokens long.
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Problem: There exist real numbers x and y, both greater than 1, such that logx (y
x) = logy

(
x4y

)
= 10.

Find xy.

Model output (thinking-on):
<think>
Okay, so I need to solve this problem where there are real numbers
x and y, both greater than 1, such that log base x of yˆx equals
log base y of xˆ{4y} equals 10. And I need to find the product xy.
Alright, let me try to unpack this step by step.

First, let me recall some logarithm properties. The logarithm log b(a)
is equal to ln(a)/ln(b) if I remember correctly. Also, there’s a
power rule: log b(aˆc) = c*log b(a). [... reasoning continues ...]

What if x is smaller? Let’s try x = 2. Let me check again. Wait,
tried x = 2, got around 7.28. Let me try x = 1.5. Then y = 25 / 1.5
≈ 16.666...

Compute log {1.5}(yˆ1.5) = 1.5 * log {1.5}(y). log {1.5}(y) =
log {1.5}(25 / 1.5) = log {1.5}(25) - log {1.5}(1.5) = log {1.5}(25) - 1.
Let me compute log {1.5}(25). Let me use natural logs: ln(25)/ln(1.5)
≈ 3.2189 / 0.4055 ≈ 7.936. So log {1.5}(y) ≈ 7.936 - 1 = 6.936.
Multiply by 1.5: ≈ 10.404. That’s close to 10. Maybe with x
slightly larger than 1.5?

Wait, so with x = 1.5, the value is approximately 10.4, which is
slightly above 10. Let me try x = 1.6. [... solution continues ...]

Therefore, I think that’s solid. I can’t find any mistake in this
reasoning. So I think the answer is 25.

**Final Answer**
\boxed{25}
</think>

To solve the given problem, we are given two equations involving
logarithms:

$$
\log x(yˆx) = 10 \quad \text{and} \quad \log y(xˆ{4y}) = 10
$$

Our goal is to find the value of $ xy $, where $ x $ and $ y $ are
both greater than 1.

---

### Step 1: Use the Power Rule of Logarithms

[... solution continues ...]
Thus, the result is consistent across all derivations.

---

### Final Answer

$$
\boxed{25}
$$

Figure 8: Base Qwen3-8B thinking-on rollout on an AIME24 problem generated with temperature
1.0. The chat template opens a <think> block, the model reasons in the first person, tests several
numerical values of x before finding a one-line argument, and closes the block with a single matched
</think> before writing a polished solution. Exactly one <think> and one </think> appear
in the generation. The generation is 5, 067 tokens.
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Problem: There exist real numbers x and y, both greater than 1, such that logx (y
x) = logy

(
x4y

)
= 10.

Find xy.

Model output:
Not sure what to do with this one. Maybe I can try to find the value
of x and y?

Okay, the problem says there exist real numbers $ x $ and $ y $, both
greater than 1, such that:
[... reasoning continues ...]

Wait, that seems straightforward. Did I do everything right?
Let me check again.

[... reasoning continues ...]

This is a transcendental equation and may not have an algebraic
solution, but the problem says such real numbers exist, so it’s
sufficient that we found $ xy = 25 $, and the problem doesn’t ask us
to find specific x and y.

Therefore, my conclusion is that $ xy = 25 $.

So the answer should be \boxed{25}

**Final Answer**
\boxed{25}
</think>

To solve the problem, we are given two expressions involving
logarithms:

$$ \log x(yˆx) = \log y(xˆ{4y}) = 10 $$

We are to determine the value of the product $ xy $, where both $ x $
and $ y $ are real numbers greater than 1.

---

### Step 1: Simplify the First Logarithmic Expression

We begin by simplifying the logarithmic expression:

$$ \log x(yˆx) $$

Using the logarithmic identity:

$$ \log b(aˆn) = n \cdot \log b(a) $$

[... solution continues ...]

### Step 5: Final Answer

We conclude that the product $ xy $ is:

$$ \boxed{25} $$

Figure 9: Qwen3-8B emits an orphan </think> token under thinking-off evaluation. The model
was trained with OPSD using a thinking-mode teacher and matched privileged information z and
this rollout was generated from checkpoint 160 on an AIME24 problem, taking 2, 529 tokens total.
Although thinking is disabled (the chat template already supplies an empty <think></think>
block; see Appendix C), the response opens with an extended first-person reasoning trace, boxes an
answer, emits a second, unmatched </think>, and only then writes a polished solution, reproduc-
ing the structure of a thinking-on response.
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D.5 OPSD MASKING RESULTS

To isolate LLM reasoning and grading improvements from unrelated distillation in, we do ablations
for Qwen3-8B confining losses to the first 90% of the student rollout and last 10% of the student
rollout.

Thinking-on eval Thinking-off eval
Priv. info AIME24 AIME25 HMMT25 Avg. AIME24 AIME25 HMMT25 Avg.
Last 10% of tokens

Ref. z 77.2±0.3 69.9±1.5 46.9±1.3 64.7 33.6±1.7 25.1±1.6 15.1±0.8 24.6
No z 77.8±1.4 69.3±1.4 48.1±1.2 65.1 34.8±0.9 28.4±1.6 16.9±1.0 26.7
Shuffled z 76.6±1.0 71.9±0.9 47.6±1.0 65.4 31.9±0.9 23.8±1.6 16.2±2.4 24.0

All but last 10%
Ref. z 77.1±0.5 70.8±2.1 47.6±1.8 65.2 35.1±1.2 27.6±1.0 17.3±1.7 26.7
No z 77.7±0.6 72.6±0.9 47.5±0.7 65.9 47.4±1.8 37.3±1.5 26.2±1.2 36.9
Shuffled z 77.4±1.4 71.6±1.1 46.2±1.1 65.1 46.0±2.7 35.4±1.6 22.6±2.5 34.7

Table 17: Masking ablation for Qwen3-8B OPSD training runs evaluated with avg@12 on AIME24,
AIME25, and HMMT25. Blocks refer to which parts of student tokens the distillation loss is applied
to (the rest is masked out). Rows within a block are the privileged information z shown to the
teacher (the reference solution, one shuffled from another problem, or absent). Teacher thinking
was on during OPSD training throughout. Each row contains the numbers aggregated over 4 seeds
of a single checkpoint trained using the given privileged information. Accuracy is mean±std across
those seeds. All settings and hyperparameters except masking follow (Zhao et al., 2026a).

D.6 GRADIENT ALIGNMENT RESULTS

We report gradient cosine similarities for the remaining Qwen3 models in Table 18 and for Olmo-
3-7B-Instruct in Table 19, following Appendix E.3. Tables 20 and 21 report the gradient noise scale
of every gradient.

Table 18: Cosine similarity between the gradient of each method trained on OpenThoughts and the
GRPOnothink gradient on AIME24, AIME25, and HMMT25, measured at the base model (pooled
over four seeds, ± paired jackknife error). Teacher thinking-on/off denotes whether thinking was
enabled for the OPSD teacher, and z denotes the reference solution shown to the teacher.

Method Qwen3-1.7B Qwen3-4B Qwen3-8B Qwen3-14B
Baselines

GRPOthink −0.008± 0.013 +0.008± 0.017 −0.014± 0.019 −0.004± 0.027
GRPOnothink +0.018± 0.047 +0.060± 0.050 +0.118± 0.050 +0.166± 0.029
SFT −0.153± 0.026 −0.056± 0.021 −0.075± 0.031 −0.056± 0.015

OPSD (teacher thinking-on)
Ref z −0.205± 0.058 −0.132± 0.056 −0.160± 0.020 −0.075± 0.017
No z −0.204± 0.062 −0.134± 0.041 −0.157± 0.019 −0.071± 0.018
Shuffled z −0.198± 0.057 −0.139± 0.052 −0.157± 0.019 −0.067± 0.014

OPSD (teacher thinking-off)
Ref z −0.185± 0.058 −0.086± 0.056 −0.163± 0.013 −0.090± 0.023
No z −0.087± 0.068 −0.145± 0.064 −0.172± 0.018 −0.087± 0.025
Shuffled z −0.157± 0.060 −0.076± 0.053 −0.163± 0.011 −0.093± 0.021
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Table 19: Cosine similarity between the gradient of each method trained on OpenThoughts and
the GRPO gradient on AIME24, AIME25, and HMMT25 for Olmo-3-7B-Instruct, measured at the
base model (pooled over four seeds, ± paired jackknife error). OPSD self-distill uses the frozen
Olmo-3-7B-Instruct as the teacher, while OPSD cross-model uses Olmo-3-7B-Think as the teacher.

Method Cosine
Baselines

GRPO +0.026± 0.021
SFT −0.060± 0.021

OPSD (self-distill)
Ref z +0.057± 0.052
No z +0.051± 0.047
Shuffled z +0.062± 0.054

OPSD (cross-model)
Ref z +0.052± 0.031
No z +0.056± 0.028
Shuffled z +0.052± 0.028

Table 20: Gradient noise scale across four seeds for the math probe, where each seed’s gradient is
the mean over 64 iterations; 0 is a noiseless estimate. The reference is GRPOnothink on AIME24,
AIME25, and HMMT25. For Olmo-3-7B-Instruct, the teacher thinking-on and thinking-off rows
are replaced by OPSD cross-model (Olmo-3-7B-Think teacher) and self-distill, respectively.

Gradient Qwen3-1.7B Qwen3-4B Qwen3-8B Qwen3-14B Olmo-3-7B-Instruct
Reference 3.583 3.436 3.666 3.736 4.033

Baselines
GRPOthink 3.979 4.108 3.889 3.786 –
GRPOnothink 3.653 3.483 3.322 2.717 3.951
SFT 0.000 0.000 0.001 0.001 0.002

OPSD (teacher thinking-on / cross-model)
Ref z 0.001 0.001 0.002 0.001 0.008
No z 0.002 0.002 0.003 0.002 0.011
Shuffled z 0.001 0.001 0.001 0.001 0.010

OPSD (teacher thinking-off / self-distill)
Ref z 0.003 0.004 0.003 0.004 0.010
No z 0.010 0.008 0.010 0.007 0.017
Shuffled z 0.004 0.004 0.002 0.006 0.011

Table 21: Gradient noise scale across four seeds for the LiveCodeBench v6 probe, where each
seed’s gradient is the mean over 8 iterations; 0 is a noiseless estimate. The reference is GRPO on
TEST UNSEEN; GRPO and SDPO are trained on TRAIN SEEN.

Gradient Qwen3-8B Qwen3-14B Olmo-3-7B-Instruct
Reference 1.968 3.152 1.999
GRPO 2.855 3.125 2.076
SDPO 0.043 0.018 0.020
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E IMPLEMENTATION DETAILS

All our experiments are run were run with 8xH100 nodes (with no multi-node parallelism), primar-
ily leveraging the vLLM inference engine (Kwon et al., 2023). We run our experiments on top of the
OPSD codebase written in TRL (von Werra et al., 2020) and the SDPO codebase which uses veRL
(Sheng et al., 2024). Our SDPO LCBv6 runs train for ∼40 hours, while the SDPO science and tool
use jobs took ∼3 hours. OPSD runs took up to ∼2 hours and GRPO runs on the OpenThoughts
dataset took up to ∼6 hours. OPSD thinking-on evaluations took up to ∼2.5 hours per dataset and
OPSD thinking-off evaluations took up to ∼1 hour per dataset. Our gradient similarity analyses took
up to ∼2 hours per training setting.

E.1 SDPO HYPERPARAMETERS

LiveCodeBench v6. We summarize hyperparameters used for in the LCBv6 experiments in Ta-
ble 22, mirroring the hyperparameters taken from the SDPO setup (Hübotter et al., 2026). We use the
exact same rich feedback settings and prompts as Hübotter et al. (2026), changing only the dataset
splits.

Table 22: SDPO and GRPO training hyperparameters on LiveCodeBench v6.

Parameter GRPO SDPO
General

Model {Qwen3-8/14B, Olmo-3-7B-Instruct} {Qwen3-8/14B, Olmo-3-7B-Instruct}
Thinking False False
Total steps 200 200

Data
Max. prompt length 2048 2048

Batching
Question batch size 32 32
Mini batch size 8 1
Number of rollouts 8 8

Rollout
Inference engine vLLM vLLM
Temperature 1.0 1.0
Max. response length 8192 8192

Validation
Number of rollouts 4 4
Temperature 0.6 0.6
Top-p 0.95 0.95
Max. response length 8192 8192

SDPO loss
Top-K distillation - 20
Distillation divergence - Reverse-KL
Clip advantages - -
Teacher-EMA update rate - 0.01
Rollout importance sampling clip - 2.0

GRPO loss
ϵ-high 0.28 -
Rollout importance sampling clip 2.0 -
KL coefficient (λ) 0.0 -

Training
Optimizer AdamW AdamW
Learning rate 1× 10−6 1× 10−6

Warmup steps 0 0
Weight decay 0.01 0.01
Gradient clip norm 1.0 1.0

SciKnowEval and ToolAlpaca. We also follow the SDPO and GRPO hyperparameters used in
Hübotter et al. (2026) for SciKnowEval and ToolAlpaca, except that we find that GRPO is unstable
with learning rate 1 × 10−5, we report results with 1 × 10−6, running SDPO and GRPO in an
on-policy manner. We summarize these hyperparameters in Table 23.
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Table 23: GRPO and SDPO training hyperparameters on SciKnowEval and ToolAlpaca

Parameter GRPO SDPO
General

Model Qwen3-8B Qwen3-8B
Thinking False False
Total steps 200 200

Data
Max. prompt length 2048 2048

Batching
Question batch size 32 32
Mini batch size 32 32
Number of rollouts 8 8

Rollout
Inference engine vLLM vLLM
Temperature 1.0 1.0
Max. response length 8192 8192

Validation
Number of rollouts 16 16
Temperature 0.6 0.6
Top-p 0.95 0.95
Max. response length 8192 8192

SDPO loss
Top-K distillation - 100
Distillation divergence - Jensen-Shannon
Clip advantages - -
Teacher-EMA update rate - 0.05
Rollout importance sampling clip - 2.0

Training
Optimizer AdamW AdamW
Learning rate 1× 10−6 1× 10−5

Warmup steps 0 0
Weight decay 0.01 0.01
Gradient clip norm 1.0 1.0

E.2 OPSD HYPERPARAMETERS

We report our hyperparameters in Table 24; we follow the training configurations provided by Zhao
et al. (2026a), training on OpenThoughts (Guha et al., 2025), changing only the content of z. The
one exception is training length: we run OPSD and SFT for 100 steps longer than Zhao et al. (2026a)
to evaluate fully converged performance.

E.3 GRADIENT SIMILARITY ANALYSIS

We record each method’s gradients by running its training loop from the base model with learning
rate zero, so the weights never change, and averaging the gradients over all iterations of each run for
downstream computation. We use the hyperparameters of Tables 22 and 24, with two exceptions:
GRPO uses num iterations= 1, since at learning rate zero a second pass over the same rollouts
gives the same gradient, and we record gradients with respect to all parameters rather than the LoRA
adapters (for the math results), since LoRA’s zero-initialized matrices may lead to poorly defined
gradient behavior. We run 64 iterations per seed for OPSD on OpenThoughts and 8 for SDPO on
LiveCodeBench v6, with four seeds per method.

We define the following quantities for use in our analysis:

Pooled cosine similarity. Given S = 4 seeds, let ḡs denote the gradient of seed s averaged over
its iterations, and ḡ = 1

S

∑S
s=1 ḡs the pooled gradient. We report the cosine similarity between the
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Table 24: GRPO, OPSD, and SFT training hyperparameters on OpenThoughts. †Olmo-3-7B-
Instruct has no thinking toggle, so thinking settings do not apply: it is trained and evaluated in
its native mode, and its OPSD teacher is either the frozen student (self-distillation) or Olmo-3-7B-
Think (cross-model).

Parameter GRPO OPSD SFT
General

Model Qwen3-{1.7, 4, 8, 14}B, Olmo-3-7B-Instruct
Student-thinking {True, False}† False† False†

Teacher-thinking - {True, False}† -
Total steps 500 200 200

Data
Max. prompt length 2048 2048 2048

Batching
Question batch size 4 32 32
Number of rollouts 8 1 -
Optimizer steps per generation 2 1 -

Rollout
Inference engine vLLM vLLM vLLM
Temperature 1.2 1.1 -
Top-p 1.0 0.95 -
Top-k - 20 -
Max. response length 16000 1024 -

Validation
Student-thinking {True, False}† {True, False}† {True, False}†
Number of rollouts 12 12 12
Temperature 1.0 1.0 1.0
Top-p 0.95 (thinking-on), 0.8 (thinking-off), 0.8 (Olmo-3-7B-Instruct)
Top-k - - -
Max. response length 38912 38912 38912

OPSD loss
Teacher policy - Frozen student or Olmo-3-7B-Think† -
Teacher z - {ref z, no z, shuffled z} -
Distillation divergence - Forward KL -
Token clip (Qwen3-1.7B, 4B) - 0.05 -
Token clip (Qwen3-8B, 14B) - 0.06 -
Token clip (Olmo-3-7B-Instruct) - 0.06 -

Training
Optimizer AdamW AdamW AdamW
Learning rate 5× 10−6 5× 10−6 5× 10−6

Warmup steps 0 0 0
Weight decay 0 0 0
Gradient clip norm 1.0 0.1 1.0
LoRA rank 64 64 64
LoRA alpha 128 128 128

pooled gradients of the reference and of each method:

c =
ḡref · ḡmethod

∥ḡref∥2 ∥ḡmethod∥2
. (6)

Jackknife error. Let c−s denote the pooled cosine similarity computed with seed s removed from
both the reference and the method, and c̄ the mean of the c−s. The jackknife error is then

SE =

√√√√S − 1

S

S∑
s=1

(c−s − c̄)
2
. (7)

Gradient noise scale. Following McCandlish et al. (2018), we measure the noise of each pooled
gradient as

tr(Σ)

∥ḡ∥22
, (8)

where Σ is the covariance of ḡ1, . . . , ḡS . It is 0 for a noiseless estimate.
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E.4 OPSD TEACHER AND STUDENT PROMPTS

We use the standard prompts used by Zhao et al. (2026a).

Student Prompt

Problem: {problem}
Please reason step by step, and put your final answer within \boxed{}.

Figure 10: Student prompt for OPSD.

Privileged Teacher Prompt

Problem: {problem}
Here is a reference solution to this problem:
=== Reference Solution Begin ===
{z}
=== Reference Solution End ===

After reading the reference solution above, make sure you truly
understand the reasoning behind each step---do not copy or paraphrase
it. Now, using your own words and independent reasoning, derive the
same final answer to the problem above. Think step by step, explore
different approaches, and don’t be afraid to backtrack or reconsider
if something doesn’t work out:

Please reason step by step, and put your final answer within \boxed{}.
Figure 11: Teacher prompt template for OPSD. The privileged information ablations “ref z”, “no
z”, and “shuffled z” differ only by the content of what “{z}” is replaced by in the template.
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