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ABSTRACT

Large language models are increasingly post-trained with reinforcement learning
in verifiable domains such as code and math. Yet, current methods for reinforce-
ment learning with verifiable rewards (RLVR) learn only from a scalar outcome
reward per attempt, creating a severe credit-assignment bottleneck. Many verifiable
environments actually provide rich textual feedback, such as runtime errors or
judge evaluations, that explain why an attempt failed. We formalize this setting as
reinforcement learning with rich feedback and introduce Self-Distillation Policy
Optimization (SDPO), which converts tokenized feedback into a dense learning
signal without any external teacher or explicit reward model. SDPO treats the
current model conditioned on feedback as a self-teacher and distills its feedback-
informed next-token predictions back into the policy. In this way, SDPO leverages
the model’s ability to retrospectively identify its own mistakes in-context. Across
scientific reasoning, tool use, and competitive programming on LiveCodeBench v6,
SDPO improves sample efficiency and final accuracy over strong RLVR baselines.
Notably, SDPO also outperforms baselines in standard RLVR environments that
only return scalar feedback by using successful rollouts as implicit feedback for
failed attempts.

1 INTRODUCTION
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Figure 1: SDPO substantially outperforms an
improved version of Group Relative Policy Op-
timization (GRPO) on LCB v6 with Qwen3-
8B. Further, SDPO achieves GRPO’s final accu-
racy in 4× fewer generations. Claude Sonnet 4 is
the strongest instruct model on the public LCBv6
leaderboard. Shaded regions show the standard
deviation across 3 seeds.

Progress in deep reinforcement learning has
shown that iterating on experience—acting, re-
ceiving feedback, and updating a policy—can
unlock capabilities that are difficult to obtain
from static supervision alone (Mnih et al., 2015;
Silver et al., 2016; 2017; Berner et al., 2019).
The same theme now appears in large lan-
guage models (LLMs): large-scale post-training
with reinforcement learning (RL) has substan-
tially improved performance on reasoning-heavy
tasks, especially in settings with programmatic
or otherwise verifiable evaluation (Jaech et al.,
2024; Guo et al., 2025; Kimi et al., 2025; Olmo
et al., 2025).

Nevertheless, the dominant RL recipe for LLM
post-training remains bottlenecked by credit as-
signment. Most current approaches operate in
the setting of reinforcement learning with veri-
fiable rewards (RLVR): given a question 𝑥, the
model samples an answer 𝑦 ∼ 𝜋𝜃(· | 𝑥) and re-
ceives a scalar reward 𝑟 ∈ R, often binary (e.g.,
unit-tests pass/fail in code generation). Modern
policy gradient RLVR methods such as Group Relative Policy Optimization (GRPO; Shao et al.,
2024) estimate advantages from these sparse outcome rewards. Furthermore, when all rollouts in a
group receive the same (often zero) reward, GRPO advantages collapse to zero and learning stalls.

*Equal second authorship. Correspondence to jonas.huebotter@inf.ethz.ch.
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Figure 2: Comparison of RLVR and RLRF settings. In Reinforcement Learning with Verifiable
Rewards (RLVR), the agent learns from a scalar reward, which often acts as an information bottleneck
by masking the underlying environment state. In contrast, Reinforcement Learning with Rich
Feedback (RLRF) utilizes tokenized feedback. This provides a significantly richer signal than a
scalar reward, as the feedback can encapsulate a reward and observations of the state (e.g., runtime
errors from a code environment or feedback from a judge).

To overcome this sparsity, one might prefer distillation from a strong teacher (Guo et al., 2025;
Yang et al., 2025; Lu & Thinking Machines Lab, 2025; Guha et al., 2026), which provides dense,
token-level supervision. However, strong teachers are often unavailable in online learning, where the
goal is to raise the capability ceiling beyond existing models.

In this work, we argue that the key limitation is not RL per se, but the information bottleneck imposed
by scalar outcome rewards. Many verifiable environments expose rich tokenized feedback beyond
scalar rewards 𝑟, such as runtime errors, failing unit tests, or evaluations from an LLM judge. This
feedback not only reveals whether a rollout was wrong, but also what went wrong. We formalize
this more general setting as Reinforcement Learning with Rich Feedback (RLRF) and illustrate
its difference to RLVR in Figure 2. Here, feedback can be any tokenized representation of any state
reached by an agentic system. The central question becomes: how can we convert rich feedback into
effective credit assignment without requiring external supervision from a strong teacher?

Our starting point is the observation that LLMs already possess a powerful mechanism for using
feedback: in-context learning (Brown et al., 2020; Wei et al., 2022). When conditioned on feedback,
the same model can often identify plausible mistakes and propose a corrected approach. A common
example of such feedback is the summary of failed test cases on coding platforms like LeetCode
(Figure 8 in the appendix). Many recent works leverage this capability to iteratively generate
corrections (Chen et al., 2021; Madaan et al., 2023; Shinn et al., 2023; Yao et al., 2024; Yuksekgonul
et al., 2025; Lee et al., 2025). In contrast, we use the current policy as a “self-teacher” that, rather than
sampling a new response, re-evaluates the existing rollout after receiving rich feedback. Including
the feedback in-context transforms the model’s next-token distribution, allowing the self-teacher to
agree or disagree with the student’s original choices at specific tokens. This yields dense, logit-level
credit assignment. Crucially, this mechanism incurs no sampling overhead: we simply re-compute
the log-probabilities of the original attempt under the self-teacher’s feedback-augmented context.

Building on this idea, we introduce Self-Distillation Policy Optimization (SDPO), an on-policy
algorithm that performs RL via self-distillation. SDPO samples rollouts from the current policy,
obtains rich environment feedback, and then minimizes a logit-level distillation loss that matches the
current policy’s next-token distribution to that of the self-teacher. Conceptually, SDPO addresses
the central limitation of applying distillation to online learning: the absence of a stronger external
teacher. Instead of relying on a fixed teacher, SDPO leverages the model’s ability to recognize its
own mistakes in hindsight. By conditioning the current policy on the rich feedback it just received,
we construct a self-teacher that provides the dense supervision of distillation while retaining the
exploration benefits of on-policy RL. Table 2 in the appendix summarizes how this positions SDPO
relative to RLVR and distillation baselines. We include a summary of related work in Appendix G.

We show that SDPO is a policy gradient algorithm whose advantages are estimated using the
self-teacher. This enables the implementation of SDPO with minor changes to standard RLVR
pipelines, simply by swapping out advantages.
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Summary of evaluation results:

• Learning without rich feedback (§3): We evaluate standard RLVR environments that do not
return any feedback beyond scalar rewards. Here, SDPO treats successful attempts sampled in
the current batch as “feedback” for failed attempts on the same question. We perform training runs
on scientific reasoning and tool use, starting with Qwen3-8B and Olmo3-7B-Instruct. We find that
SDPO outperforms a strong GRPO baseline that integrates recent improvements: 68.8% vs. 64.1%
final accuracy on aggregate. SDPO achieves higher accuracy with up to 7× shorter generation
lengths compared to GRPO, demonstrating that effective reasoning need not be verbose.

• Learning with rich feedback (§4): We evaluate competitive programming problems from
LiveCodeBench v6 with LeetCode-style feedback. As shown in Figure 1, SDPO substantially
improves over GRPO, reaching a higher final accuracy (48.8% vs. 41.2%) and achieving GRPO’s
final accuracy in 4× fewer generations. SDPO’s gains grow with model scale, suggesting that
the ability for self-teaching emerges as models become stronger in-context learners.

We include a comprehensive discussion of related work in Appendix G.

2 SDPO: SELF-DISTILLATION POLICY OPTIMIZATION

We propose an algorithm that uses the in-context learning ability of the current policy for assigning
credit. Our key object is the self-teacher, 𝜋𝜃(· | 𝑥, 𝑓), which refers to the current policy (the
“student”) prompted with the question 𝑥 and the rich feedback 𝑓 . Next to the students’ original
attempt 𝑦, 𝑓 may incorporate two key kinds of feedback: any environment output (such as runtime
errors from a code environment) and a sample solution if 𝑥 was already solved with another attempt
in the rollout group.1 As discussed before, the self-teacher 𝜋𝜃(· | 𝑥, 𝑓) should have a higher accuracy
than the student 𝜋𝜃(· | 𝑥) since it sees additional information in-context. This leads us to observe:

We can use the same policy in two different roles: As the student for the initial attempt and as
the teacher to determine the value of actions in hindsight.

We introduce Self-Distillation Policy Optimization (SDPO) which repeatedly distills the self-teacher
into the student. Given a question 𝑥, we first sample rollouts from the student 𝜋𝜃 and obtain corre-
sponding environment feedback. We then use the KL-divergence, KL(𝑝‖𝑞) = ∑︀

𝑖 𝑝(𝑖) log
𝑝(𝑖)/𝑞(𝑖),

as a distance measure for the next-token distributions of student and teacher, and optimize a standard
logit distillation loss:

ℒSDPO(𝜃) :=
∑︁
𝑡

KL(𝜋𝜃(· | 𝑥, 𝑦<𝑡)‖stopgrad(𝜋𝜃(· | 𝑥, 𝑓, 𝑦<𝑡))) (1)

Algorithm 1 SDPO
Require: Language model 𝜋𝜃; dataset with questions 𝑥;

number of rollouts 𝐺 per question; environment to
obtain feedback for attempts.

1: repeat
2: Sample question 𝑥 from dataset.
3: Sample responses: {𝑦𝑖}𝐺𝑖=1 ∼ 𝜋𝜃(· | 𝑥).
4: Evaluate responses to obtain feedback 𝑓𝑖. ◁

Self-distillation:
5: Compute log-probs of self-teacher

log 𝜋𝜃(𝑦𝑖,𝑡 | 𝑥, 𝑓𝑖, 𝑦𝑖,<𝑡).

6: Update 𝜃 with gradient descent on ℒSDPO(𝜃).
7: until converged

where the stopgrad operator blocks gradients
from flowing through the teacher, and thus
prevents it from regressing towards the stu-
dent and ignoring 𝑓 . The intuitive role of the
teacher is to determine where and how the stu-
dents’ original attempt 𝑦 was wrong through
retrospection based on the feedback 𝑓 . Fig-
ure 3 shows an example of self-teaching with
Qwen3-8B as student and self-teacher. We
summarize SDPO in Algorithm 1 and display
the teachers’ reprompt template in Table 3.

We can derive the SDPO gradient as follows
(see Appendix E.1 for details):
Proposition 2.1. The gradient of ℒSDPO is

∇ℒSDPO(𝜃) = E𝑦∼𝜋𝜃(·|𝑥)

⎡⎣ |𝑦|∑︁
𝑡=1

E𝑦𝑡∼𝜋𝜃(·|𝑥,𝑦<𝑡)

[︂
log

𝜋𝜃(𝑦𝑡 | 𝑥, 𝑦<𝑡)

𝜋𝜃(𝑦𝑡 | 𝑥, 𝑓, 𝑦<𝑡)
·∇𝜃 log 𝜋𝜃(𝑦𝑡 | 𝑥, 𝑦<𝑡)

]︂⎤⎦ .

(2)
1In standard RLVR implementations a rollout group contains multiple simultaneous attempts for 𝑥.
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Write a python function that returns 
all numbers from 1 to n. Answer 
briefly.

1. Question

4. Credit assignment by self-teacher

3. Feedback
Don't include n.

2. Answer
```python
def numbers_up_to_n(n):
    return list(range(1, n + 1))

```

SDPO: Self-Distillation Policy Optimization

Figure 3: Example of self-teaching with Qwen3-8B. The answer is generated by the model before
seeing the feedback. Then, we re-evaluate the log-probs of the original attempt with the self-teacher
after seeing the feedback. We show the per-token log(P(self-teacher)/P(student)), with red indicating
negative values (self-teacher disagrees) and white indicating values around zero. Notably, in this
example, Qwen3-8B identifies the error through retrospection without an explicit solution. Further,
the activation is sparse, identifying where mistakes happen.

2.1 COMPARISON TO RLVR

Note that the SDPO gradient is a (negated) logit-level policy gradient where the advantages are
estimated using the self-teacher.2 We can therefore reuse standard RLVR implementations and simply
swap out the advantages. Let 𝑦𝑖 be the 𝑖-th rollout from a rollout group of size 𝐺 for question 𝑥, then
comparing GRPO and SDPO we have:

𝐴GRPO
𝑖,𝑡 (𝑦𝑖,𝑡) :=

1{𝑦𝑖,𝑡=𝑦𝑖,𝑡}
𝜋𝜃(𝑦𝑖,𝑡|𝑥,𝑦𝑖,<𝑡)

(︀
𝑟𝑖 −mean{𝑟𝑖}𝐺𝑖=1

)︀
, 𝐴SDPO

𝑖,𝑡 (𝑦𝑖,𝑡) = log
𝜋𝜃(𝑦𝑖,𝑡 | 𝑥, 𝑓𝑖, 𝑦𝑖,<𝑡)

𝜋𝜃(𝑦𝑖,𝑡 | 𝑥, 𝑦𝑖,<𝑡)
.

The GRPO advantages are zero on any non-generated token and constant within a rollout 𝑦𝑖.3 In
contrast, the SDPO advantages are zero only for tokens where student and teacher perfectly agree.
The SDPO advantage is positive for tokens which are more likely under the teacher while being
negative for tokens which are less likely under the teacher. Thus, SDPO can be seen as a direct
extension of standard RLVR methods in two ways:

1. from 1-bit feedback to allowing arbitrary sequences of tokens as feedback, and
2. leveraging this rich feedback to estimate dense logit-level advantages.

This tight connection to RLVR methods also enables a straightforward extension of the SDPO gradient
from Equation (2) to off-policy data via PPO-style clipped importance sampling (Schulman et al.,
2017), see Appendix E.4. We further show in Appendix C.1 that SDPO only incurs a minor compute
overhead compared to GRPO and discuss stability improvements in Appendix C.2.

3 LEARNING WITHOUT ENVIRONMENT FEEDBACK

We first evaluate SDPO in standard RLVR environments, where feedback is limited to scalar rewards.
Instead of using the scalar reward, SDPO treats successful attempts sampled in the current batch
as “feedback” for failed attempts on the same question. By comparing the student’s attempt with a
correct solution, the self-teacher can identify where the student was wrong and provide dense credit
assignment.

Experimental setting We evaluate tasks on which the model has not been explicitly fine-tuned:

• Science Q&A (Chemistry, Physics, Biology, Materials science): Undergraduate-level scientific
reasoning using reasoning subsets from SciKnowEval (Feng et al., 2024a).

• Tool use: Mapping an API specification and user request to the correct tool call (ToolAlpaca;
Tang et al., 2023).

2See Appendix E.4 for a detailed comparison of the SDPO gradient to the standard policy gradient.
3We use the GRPO (Shao et al., 2024) advantage without normalization (Liu et al., 2025b).
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Figure 4: Training progression of Olmo3-7B-Instruct on Chemistry. We report the average accuracy
across 16 samples per question and a rolling average of response lengths over 5 steps. We report
GRPO with the optimal hyperparameters for this model and task.

We perform a train-test split to test in-domain generalization. We use Qwen3-8B (Yang et al., 2025)
and Olmo3-7B-Instruct (Olmo et al., 2025) as initial checkpoints and report avg@16 relative to
wall-clock training time, excluding initialization & validation.

Baselines. We compare SDPO to an improved variant of GRPO (Shao et al., 2024), which incor-
porates several recent modifications (cf. Appendix A). We additionally report the special case of
on-policy GRPO (matching the hyperparameters of vanilla SDPO). For both baselines, we perform a
hyperparameter sweep and report results for the models that achieve the highest validation perfor-
mance across all target tasks. Hyperparameters and training details are provided in Appendix I. We
use the verl library (Sheng et al., 2025) for fast multi-GPU training.

Results. Table 1 summarizes our results. We find that SDPO outperforms GRPO across almost all
runs, often leading to substantial improvements. SDPO learns notably faster than GRPO, performing
close to 5 hours of GRPO training after only 1 hour of training with SDPO in several cases. SDPO
achieves a particularly substantial improvement over GRPO on the Chemistry task, as is displayed in
Figure 4 (left). With Olmo3-7B-Instruct, SDPO achieves the 5h GRPO accuracy in 30 minutes of
wall-clock training time, a 10× speedup. Moreover, SDPO’s 5h accuracy is more than 20%-points
higher than that of GRPO.

We remark that our results with SDPO use strictly on-policy training (i.e., one gradient step per
generation batch). Given the known efficiency gains of performing multiple gradient steps per
generation batch, studying SDPO with off-policy updates is an exciting direction for future research.

Self-distillation learns to reason concisely. We consistently observe that SDPO produces
substantially shorter generations than GRPO while achieving higher accuracy. SDPO’s responses
are more than 3× shorter on average across tasks (cf. Table 8 in Appendix H). On Chemistry with
Olmo3-7B-Instruct, SDPO even achieves a 7× reduction in response length relative to GRPO while
maintaining higher accuracy (Figure 4 (right)). While recent progress in RLVR has demonstrated
that scaling response length is a powerful driver of emergent reasoning capabilities (Jaech et al.,
2024; Guo et al., 2025; Muennighoff et al., 2025), our results suggest that effective reasoning need
not always be verbose. We find that SDPO improves the efficiency of reasoning.

Qualitatively, we observe that the longer responses from GRPO often stem from “superficial” rea-
soning rather than necessary analytical steps. GRPO frequently generates filler phrases like “Hmm”
and “Wait” or enters circular logical loops that repeat previous steps verbatim. Figure 5 displays a
representative example of this phenomenon. Remarkably, SDPO’s generations remain concise and
avoid these superficial patterns. This may be explained by SDPO’s dense credit assignment, which
assigns a specific advantage to each next-token prediction, leading to sparse advantages (cf. Figure 17
in Appendix J). By improving the efficiency of reasoning, SDPO reduces inference generation time
and demonstrates that reasoning performance can be improved by refining how the model reasons,
not just how long it reasons.
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Chemistry Physics Biology Materials Tool use

1h 5h 1h 5h 1h 5h 1h 5h 1h 5h

Qwen3-8B 35.6 59.2 27.9 58.9 57.5
+ GRPO 54.7 60.0 63.8 72.7 34.3 51.8 74.3 77.1 64.9 67.7

+ GRPO (on-policy) 54.2 69.6 63.6 63.6 44.4 44.4 73.9 74.1 60.2 65.7
+ SDPO (on-policy) 60.0 70.1 66.6 75.6 51.5 52.9 72.1 78.4 68.0 68.5

Olmo3-7B-Instruct 18.8 37.7 18.1 36.7 39.3
+ GRPO 32.7 46.8 55.3 63.3 47.8 62.0 70.9 75.0 56.4 65.0
+ GRPO (on-policy) 48.8 54.3 62.7 62.7 54.2 63.8 73.3 73.5 56.8 60.6
+ SDPO (on-policy) 59.2 76.8 59.9 66.1 56.1 58.3 73.7 79.1 60.8 62.1

Table 1: Comparison of SDPO and GRPO on reasoning-related benchmarks. We report the
highest achieved avg@16 within 1 hour and 5 hours of wall-clock training time, respectively. Both
SDPO and on-policy GRPO perform one gradient step per generation batch, while GRPO performs
4 off-policy mini batch steps. We select optimal hyperparameters for SDPO and baselines based
on 5h accuracy. Each run is performed on a node with 4 NVIDIA GH200 GPUs. Together with
initialization and validation, each run takes approximately 6 hours.

. . . Alternatively. . . Closer to D? No. . . Wait
I’m going in circles. . . Wait, perhaps the cor-
rect answer is B. . . 101.85 ≈ 69.3. . . Ah, this
works. . . Wait I think I messed up. . . Hmm. . .
101.85 ≈ 69.3. . .
Thus, the correct answer is likely B: 1.85.
<answer>
B
</answer>

(a) GRPO (5,549 tokens)

. . . At pH 7.4, all functional groups are neutral. . .
maintaining a balance between hydrophobic and
hydrophilic character. . . [The] overall polarity. . .
keeps logD from being very high. . . or very low. . .
[typically falling] in the 2.0-3.0 range, with 2.61
(C) being a reasonable estimate. . .
<answer>
C
</answer>

(b) SDPO (764 tokens)

Figure 5: Example responses from GRPO and SDPO after 50 training steps to: “What is the correct
octanol/water distribution coefficient logD under the circumstance of pH 7.4 for the molecule
O=C1O[C@@H](COc2ccon2)CN1c1ccc(C2=CCOCC2)c(F)c1?” The answer options are A: 1.32,
B: 1.85, C: 2.61, D: 3.76. The correct answer is C. GRPO’s answer contains 5× “Hmm.”, 9×
“No.”, and 25× “Wait”. Further, GRPO’s answer repeats calculations such as “101.85 ≈ 69.3”, which
appears four times, and the model even explicitly generates “Wait I’m going in circles”. SDPO’s
answer avoids any circular reasoning and is more than 7× shorter. The base model is Qwen3-8B.

4 LEARNING WITH ENVIRONMENT FEEDBACK

We next evaluate SDPO on coding tasks. Coding is a canonical example of an RL environment
that provides rich feedback, such as runtime errors and failed unit tests. Learning to solve these
coding problems requires strong credit assignment since the student must identify its precise mistakes
to avoid repeating them in the future. LiveCodeBench (LCB; Jain et al., 2025) provides a set of
contest-style coding problems, ranging from simple to competition-level. We restrict our evaluation
to the most recent LCBv6 subset of LCB, which contains 131 questions released between February
and May 2025. We consider a setting with public and private unit tests, common for code contests
and coding platforms like LeetCode, where the public tests are used for evaluation during training
and the private tests are used for validation (Chen et al., 2022; Le et al., 2022; El-Kishky et al., 2025;
Samadi et al., 2025).4

We use the Qwen3 (Yang et al., 2025) model family for our experiments, with Qwen3-8B as default
unless otherwise specified. We report the average accuracy over 4 rollouts and use the same GRPO
baseline as in Section 3.

4We select public tests as a 50% random subset of private tests.
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Results. Figure 1 compares the learning curves of SDPO and GRPO on LCBv6. We find that SDPO
achieves a substantially higher final accuracy (48.8%) than GRPO (41.2%) while also outperforming
the strongest instruct models on the public LCBv6 leaderboard:5 Claude Sonnet 4 (40.5%) and
Claude Opus 4 (39.7%). Furthermore, SDPO reaches the final accuracy of GRPO in 4× fewer
generations. We include an extended comparison to other RLVR baselines that perform similarly to
GRPO in Table 9 in the appendix.

4.1 SELF-DISTILLATION BENEFITS FROM STRONGER MODELS
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Figure 6: SDPO improves with model size. We compare
the final LCBv6 validation accuracy of SDPO and GRPO
at train step 80, across model sizes from Qwen3. The ability
of SDPO’s teacher to perform accurate retrospection appears
to be an emergent phenomenon with scale. We include
an additional scaling study with Qwen2.5-Instruct in the
appendix (cf. Figure 15), supporting this finding. Error bars
indicate standard error over 3 seeds.

A central question for our work is
whether SDPO is sensitive to the in-
context learning ability of the base
model. Intuitively, we expect that
SDPO benefits from a strong in-
context learner, since this enables the
teacher to perform more accurate ret-
rospection.

To answer this question, we per-
form a scaling study with different
model sizes from the Qwen3 (Yang
et al., 2025) family. As shown by
extensive prior work, the ability to
learn in-context increases with model
size (e.g., Brown et al., 2020). As
depicted in Figure 6, SDPO signifi-
cantly outperforms GRPO on larger
models while only slightly improv-
ing over GRPO on smaller models.
In a scaling study with the weaker
Qwen2.5 model family, we observe
the same trend, with SDPO underper-
forming GRPO on the weakest model
(Qwen2.5-1.5B), as seen in Figure 15 in Appendix H.

4.2 SELF-DISTILLATION PERFORMS DENSE CREDIT ASSIGNMENT

Whereas GRPO assigns a constant advantage to each generated token, SDPO assigns an individual
advantage to each possible next token along the generated sequence based on the agreement of student
and teacher. At each position 𝑡 in the generated sequence 𝑦, there are |𝒱| possible next tokens where
𝒱 is the vocabulary. In distillation, this level is typically called the logit-level since it corresponds to
the logits of the model. In practice, we approximate the full next-token distribution by the top-𝐾
tokens, and as such, SDPO assigns |𝑦| ·𝐾 unique advantages per sequence.

A natural question is whether the performance gains of SDPO are due to leveraging rich feedback
in RLRF or due to the dense credit assignment of SDPO. To answer this question, we ablate three
configurations:

• Logit-level SDPO: credit assignment over the 100 most likely tokens (under the student) at each
position.

• Token-level SDPO: credit assignment over the most likely token at each position.
• Sequence-level SDPO: We compute SDPO advantages for all generated tokens and average them

to produce a single scalar advantage per sequence (as in GRPO). This does not perform denser
credit assignment than GRPO but still leverages the rich feedback 𝑓 .

As shown in Figure 7 (left), the dense credit assignment of logit-level SDPO leads to significant
performance gains over token-level SDPO and sequence-level SDPO. Nevertheless, even sequence-

5On the public leaderboard, the LCBv6 subset can be obtained by selecting February to May 2025.
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Figure 7: Left: Rich feedback in RLRF and dense credit assignment of SDPO are complementary.
We compare logit-level, token-level, and sequence-level SDPO advantages to GRPO. While denser
credit assignment in SDPO is beneficial (logit-level > token-level > sequence-level), even sequence-
level SDPO significantly outperforms GRPO due to leveraging the rich feedback. Error bars indicate
the standard error across 3 seeds. Right: The self-teacher improves during training. We display
the generative accuracy of the self-teacher compared to student on the current training batch (with a
rolling average over 5 steps). The final student score is taken at step 80. Notably, the performance
of the student significantly surpasses the initial teacher’s accuracy. Error bars indicate the standard
deviation across 3 seeds.

level SDPO outperforms GRPO, indicating that leveraging rich feedback in RLRF can lead to gains
over RLVR methods even without dense credit assignment.

4.3 THE SELF-TEACHER IMPROVES DURING TRAINING

Contrary to standard distillation, the self-teacher in SDPO is not frozen, but updated throughout
training. This is a critical component of SDPO, since it enables the teacher to improve over time,
which means that the student can learn from a stronger target. To investigate whether the self-teacher
improves during training, we plot the average accuracy when generating using the self-teacher in
Figure 7 (right). We find that the self-teacher improves significantly during training. Most notably, the
student’s accuracy surpasses the initial teacher’s accuracy in later stages of training. This demonstrates
that SDPO enables bootstrapping of a weak model to a strong model, without the initial self-teacher’s
performance limiting the final student.

We further show in Appendix D that SDPO avoids catastrophic forgetting, and we analyze which
feedback is most informative for the self-teacher.

5 CONCLUSION AND LIMITATIONS

We introduced Reinforcement Learning with Rich Feedback (RLRF), a paradigm where envi-
ronments provide tokenized feedback beyond scalar rewards, and argued that this removes a key
information bottleneck of RLVR. We then proposed Self-Distillation Policy Optimization (SDPO),
which uses the current policy as a feedback-conditioned self-teacher and distills its corrected log-
probabilities into the student. This leverages the model’s ability to learn from context for dense credit
assignment. We further demonstrated that SDPO can be implemented as a minimal, drop-in modi-
fication to standard RLVR pipelines. Empirically, SDPO demonstrates superior sample efficiency
and wall-clock convergence compared to GRPO on reasoning tasks, even when training in standard
RLVR environments without rich feedback. SDPO’s gains grow with model scale, suggesting that
the capacity for self-correction scales with the model’s in-context learning capabilities.

SDPO enables learning from rich feedback in a way that that is arguably closer to human cognition:
utilizing precise outcomes rather than just binary rewards. By allowing the model to determine
retrospectively how it should have acted, we demonstrate that language models can convert diverse
tokenized feedback into effective self-supervision.
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Limitations. Our findings show that SDPO’s performance depends on a model’s in-context learning
ability, suggesting that SDPO is primarily applicable for RL-training stronger base models, while
it can underperform GRPO on weaker models. Moreover, performance depends on the quality of
the environment feedback. If the environment provides uninformative or misleading feedback, a
model may not be able to learn from it through SDPO. Finally, SDPO adds a small computational
overhead compared to GRPO for computing the log-probs of the retrospective model. While often
negligible, this may be a larger overhead for smaller models with shorter generation lengths, where
generation time is comparatively small.
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A BASELINES

We use an improved variant of GRPO which incorporates several recent modifications (Olmo
et al., 2025; Khatri et al., 2026) such as asymmetric clipping (Yu et al., 2025), avoiding biased
normalization (Liu et al., 2025b), and correcting for off-policy data when using efficient inference
frameworks (Yao et al., 2025). We integrate these modifications into a GRPO implementation that
represents a strong baseline, as detailed in Equation (11) in Appendix E.4. GRPO enables off-policy
training through PPO’s clipped importance weighting (Schulman et al., 2017).

B FIGURES

This section contains figures supporting the main text.

• Table 2 summarizes how SDPO is positioned relative to RLVR and distillation baselines.
• Figure 8 shows an example for rich feedback in a code environment.
• Figure 3 illustrates the SDPO algorithm.
• Algorithm 1 shows the SDPO training loop.
• Table 3 shows the reprompt template for the self-teacher.
• Figure 9 illustrates dense credit assignment in SDPO.

Method Sampling Signal Feedback

SFT / Distillation (Hinton et al., 2015) × off-policy ✓ rich × strong teacher
On-Policy Distillation (Agarwal et al., 2024) ✓ on-policy ✓ rich × strong teacher
RLVR (such as GRPO) (Lambert et al., 2025) ✓ on-policy × weak ✓ environment
RL via Self-Distillation (SDPO) (ours) ✓ on-policy ✓ rich ✓ environment

Table 2: Comparison of self-distillation to alternative methods for post-training LLMs.

Runtime Error
ZeroDivisionError: division by zero
Line 73 in separateSquares (Solution.py)

Last Executed Input
[[26,30,2],[11,23,1]]

Figure 8: Example of feedback from our code environment, inspired by LeetCode. Listings 5, 6,
and 7 in the appendix show examples of feedback in case of a wrong answer, a memory error, and an
index error.
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User: prompt

Correct solution:
successful_previous_rollout

The following is feedback from your unsuccessful earlier attempt:
environment_output

Correctly solve the original question.
Assistant: original_response

Table 3: Template for self-teacher. prompt is replaced with the question. A sample solution
previously generated by the student is substituted for successful_previous_rollout (if available for this
question; otherwise the paragraph is skipped). environment_output is replaced with the environment
output (see, e.g., Figure 8) from the models’ original attempt (if it was not successful and there is
no solution; otherwise the paragraph is skipped). If the models’ original attempt was successful,
this attempt is passed as the correct solution. original_response is replaced with the models’ original
attempt to re-evaluate its log-probabilities under the self-teacher.

GRPO
Generated tokens

...

...

SDPO
Generated tokens

Vocabulary

Figure 9: Dense credit assignment in SDPO in the example from Figure 3. Shown in blue are tokens
which become more likely under the self-teacher. The self-teacher identifies how the returned range
has to be modified so that it does not contain n.
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C EXTENDED SECTION 2

C.1 COMPUTE TIME & MEMORY

GRPO SDPO
0
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Se
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+5.8%

+17.1%

Time per training step

Figure 10: Time per step for
SDPO vs GRPO (solid: with-
out code environment, light:
with code environment).

The only computational overhead of SDPO compared to GRPO is the
additional computation of log-probs from the self-teacher, which can
be effectively parallelized and is substantially faster than sequential
generation. Figure 10 compares the compute time of SDPO and
GRPO. As expected, the compute overhead of SDPO is relatively
small. Here, we use a micro batch size of 2;6 compute time can be
further reduced by using larger micro batch sizes.

Naively computing the KL divergence between student and teacher
requires holding full logits of both models in memory. To avoid this,
we approximate the KL divergence in the SDPO loss by performing
top-𝐾 distillation (i.e., only computing the top-𝐾 logits of the
student and the corresponding logits of the teacher alongside a term
capturing the tail probability; cf. Appendix E.3). With a reasonable
choice of 𝐾 (e.g., 𝐾 = 100), this avoids virtually any memory overhead while capturing most of
the information.

C.2 STABILITY IMPROVEMENTS

We find that two practical modifications significantly enhance the training stability of SDPO. First,
we employ a regularized self-teacher, implemented either via an exponential moving average (EMA)
of the student parameters or by interpolating the current teacher with the initial teacher (cf. Ap-
pendix E.2). As detailed later, both strategies effectively stabilize learning. Second, we adopt the
symmetric Jensen-Shannon divergence for the distillation loss; this formulation has similarly been
shown to improve stability in on-policy distillation from external teachers (Agarwal et al., 2024).

6The micro batch size corresponds to # rollouts we train on at a time while accumulating gradients.
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Task: Holdout tasks:

LCBv6 IFEval ArenaHard-v2
(hard prompt)

ArenaHard-v2
(creative writing) MMLU-Pro Avg.

(holdout)

Base 27.9 83.9 14.0 13.7 62.5 43.5

SFT on self-teacher 42.7 83.7 11.2 8.9 61.9 41.4
GRPO 41.2 82.2 12.0 10.8 62.3 41.8
SDPO 48.8 83.2 12.3 11.1 62.9 42.4

Table 4: On-policy methods do not suffer from catastrophic forgetting. We compare the accuracy
of the final checkpoint on the training task LCBv6 and on holdout tasks IFEval, ArenaHard-v2,
and MMLU-Pro. We compare to a baseline that trains directly on responses generated by the initial
self-teacher with SFT. Overall, SDPO achieves the best performance–forgetting tradeoff. We include
additional baseline results in Table 9 in the appendix.

D EXTENDED SECTION 4

D.1 ON-POLICY SELF-DISTILLATION AVOIDS CATASTROPHIC FORGETTING

Prior work has shown that a key benefit of on-policy algorithms, such as GRPO, is that models tend
not to forget previously obtained capabilities (Shenfeld et al., 2026; Chen et al., 2025b; Lu & Thinking
Machines Lab, 2025). This is practically desirable since it enables continual training pipelines where
a model is trained sequentially on diverse tasks without the need to retrain from scratch. To evaluate
forgetting, we test the final checkpoints of GRPO and SDPO on diverse holdout tasks: IFEval (Zhou
et al., 2023), which tests the ability of a model to follow precise format instructions; ArenaHard-
v2 (Li et al., 2025), which is an LLM-judged benchmark of real-world instruction-following prompts
derived from LMArena (Chiang et al., 2024); and MMLU-Pro (Wang et al., 2024b), which tests
broad multi-task knowledge and reasoning. As displayed in Table 4, SDPO learns the new task
while mitigating degradation of initial capabilities, overall achieving a better performance–forgetting
tradeoff than GRPO.

Off-policy self-distillation baseline. As an additional baseline, we consider training the student
via supervised fine-tuning (SFT) on successful generations from the self-teacher (Scheurer et al.,
2023; Dou et al., 2024; Zhou et al., 2025).7 This requires 2× the generations of SDPO for the same
number of steps, since we have to generate from both the student and the teacher. We report SFT
on the successes of the self-teacher, which achieves a higher accuracy than also including initial
successes from the student in the SFT data. As shown in Table 4, SFT on the self-teacher significantly
underperforms SDPO on LCBv6, while leading to worse forgetting of prior capabilities. This mirrors
prior findings on the instability of off-policy imitation (see, e.g., Agarwal et al., 2024).

D.2 CAN GRPO AND SDPO BE COMBINED?

GRPO utilizes Monte Carlo advantages, which are unbiased with respect to the objective of maxi-
mizing expected reward 𝐽(𝜃) := E𝑦∼𝜋𝜃(·|𝑥)[𝑟(𝑦 | 𝑥)]. In contrast, SDPO advantages are inherently
biased with respect to 𝐽(𝜃) due to being computed from rich feedback and a self-teacher. This
dichotomy parallels the fundamental distinction between Monte Carlo and bootstrapped advantages in
RL: while the latter are biased, they typically yield lower variance (Sutton & Barto, 1998; Schulman
et al., 2016). This motivates a hybrid approach that combines reward-derived GRPO advantages with
feedback-derived SDPO advantages:

𝐴SDPO+GRPO
𝑖,𝑡 (𝑦𝑖,𝑡) := 𝜆𝐴GRPO

𝑖,𝑡 (𝑦𝑖,𝑡) + (1− 𝜆)𝐴SDPO
𝑖,𝑡 (𝑦𝑖,𝑡), 𝜆 ∈ [0, 1]. (3)

As shown in Figure 11, SDPO+GRPO appears to be more robust to weaker models than SDPO.
Intuitively, in a weaker model such as Qwen3-0.6B, the SDPO advantages are less reliable, and hence
including the GRPO advantage helps to stabilize training. In contrast, we find that SDPO+GRPO

7SFT on a teacher’s predictions is a standard off-policy distillation approach (Kim & Rush, 2016).
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Figure 11: We compare the LCBv6 validation accuracy at step 80, across model sizes from Qwen3.
SDPO+GRPO significantly outperforms SDPO on the weaker Qwen3-0.6B, while slightly underper-
forming SDPO on stronger models. We use 𝜆 = 0.9. Error bars indicate the standard error across 3
seeds.

slightly underperforms SDPO on stronger models such as Qwen3-8B. This suggests that the signal of
GRPO, only informed by a scalar reward, can be actively harmful with a strong initial model.

D.3 WHICH FEEDBACK IS MOST INFORMATIVE?

To understand which type of rich feedback is most informative, we ablate the three types of feedback
present in a verifiable environment like code generation: the sample solution (if a successful rollout
is available in the current rollout group), the environment output (such as runtime errors), and the
student’s original attempt.

Sample solutions. Including a sample solution from a failed attempt’s rollout group (if available)
closely mirrors the group-relative advantages of GRPO. We emphasize that these sample solutions
are always generated by the student, as in GRPO, and do not require an expert model. They allow for
disincentivizing unsuccessful approaches if the model is already able to solve the question. However,
unlike GRPO where all tokens receive the same negative advantage, the self-teacher can identify
specific mistakes and provide feedback on how to fix them.

Environment output. The environment output describes the state of the environment after the
student’s attempt. This is complementary to sample solutions since it can provide useful signal
even if the student has never solved the question before. Leveraging environment output is a key
differentiating factor between RLRF and RLVR settings.

Student’s original attempt. The student’s original attempt 𝑦 does not have to be included in the
reprompting template of the teacher. Indeed, we find that including it biases the teacher towards the
student’s attempt (cf. Table 5). This reduces the entropy of the student’s distribution (particularly for
initially uncertain tokens), thereby reducing exploration.

We summarize results in Table 5 where we evaluate the effect on SDPO training as well as the direct
impact on the self-teacher. We find that environment output & sample solutions are complementary,
each providing informative feedback. Generally, we observe that performance is not sensitive to
syntactic variations of the reprompting template from Table 3.

D.4 TEACHER REGULARIZATION IMPROVES TRAINING STABILITY

As described in Appendix C.2, SDPO uses a regularized teacher to stabilize training. As can be seen in
Table 6, a non-regularized teacher significantly underperforms the regularized teachers. Furthermore,
trust-region and EMA teachers outperform the teacher frozen at the initial teacher’s parameters,
showing that the teacher improves through parameter sharing with the student. Yet, SDPO performs
well even with a frozen teacher.
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Teacher before training Student trained with SDPO

↑ Acc. (%) ↓ Same output (%) ↑ Acc. (%) Avg. entropy

𝑓 = output 32.5± 0.5 13.7± 0.6 39.8± 0.2 0.40± 0.0
𝑓 = solution 42.4± 1.0 12.1± 0.7 36.8± 2.7 0.07± 0.0
𝑓 = output + solution 42.5± 1.2 10.1± 0.2 48.9± 0.9 0.37± 0.0
𝑓 = 𝑦 + output + solution 39.3± 0.8 30.0± 0.9 44.5± 1.8 0.23± 0.0

Table 5: Performance of varying kinds of feedback. We evaluate informativeness of feedback
based on SDPO training (until step 70) as well as the direct impact on the self-teacher. “Same output”
measures the percentage of cases where the teacher receives the same environment output as the
student’s initial attempt (i.e., not exploring alternative approaches). We observe that environment
output and sample solutions are complementary and each provide informative feedback. Naively
including only solutions or initial attempts 𝑦 significantly reduces diversity in the teacher and student.
We remark that the sample solutions are generated by the student, enabling similar group-relative
advantage estimation to GRPO. Error bars indicate standard deviation across 3 seeds.

Teacher Accuracy Avg accuracy

𝑞𝜃 36.1± 1.6 29.8± 1.3
𝑞𝜃ref 48.8± 0.7 44.4± 0.2
Trust-region 50.6± 0.9 45.6± 0.2
EMA 49.3± 0.3 45.3± 0.2

Table 6: Best/average accuracy until step 90 of various methods for teacher regularization. Trust-
region and EMA teachers use 𝛼 = 0.01. Training of the 𝑞𝜃 eventually diverges. Error ranges indicate
standard errors across 3 seeds.
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E IMPLEMENTATION OF SDPO

The following pseudocode in Figure 12 outlines the implementation of SDPO:

1 def compute_sdpo_loss(batch, teacher_context, loss_mask):
2 """
3 Computes probabilities of response y under the self-teacher
4 and the per-logit SDPO loss.
5 """
6 # Compute model probabilities for response y
7 logprobs_student = compute_log_prob(batch) # (T,V)
8 probs_student = logprobs_student.exp() # (T,V)
9

10 # Compute self-teacher probabilities for response y
11 teacher_batch = reprompt(batch, teacher_context)
12 logprobs_teacher = compute_log_prob(teacher_batch).detach() # (T,V)
13

14 # Compute SDPO loss: per-token divergence
15 per_token_loss = divergence(logprobs_student, logprobs_teacher) # (T,)
16 return agg_loss(per_token_loss, loss_mask, loss_agg_mode="token-mean")

Figure 12: The pseudo-code of SDPO within a standard RL training pipeline. Omitted here is the
filtering to top-𝐾 logprobs for student and teacher (including a tail term) as described in Appendix E.3.
Further, we omit here any importance sampling weights to correct for off-policy data. reprompt
modifies the batch to incorporate teacher context (i.e., rich feedback). divergence implements any
per-token divergence such as reverse-KL, forward-KL, or Jensen-Shannon.

In the following, we provide further details on:

• The gradient estimator used in our implementation (Appendix E.1)
• Teacher regularization (Appendix E.2)
• Approximating logit-distillation with the top-𝐾 logits for saving GPU memory (Appendix E.3)
• Generalizing PPO-style policy gradient algorithms to logit-level advantages (Appendix E.4)

To disambiguate the notation of the self-teacher, we use 𝑞𝜃(· | 𝑥, 𝑓) := 𝜋𝜃(· | reprompt(𝑥, 𝑓)) in
the following. Here, reprompt denotes the reprompt template of the self-teacher.

E.1 GRADIENT ESTIMATORS

In this seciton, we discuss two possible gradient estimators for the KL divergence between the current
policy 𝜋𝜃(𝑦 | 𝑥) and the teacher policy 𝑞𝜃(𝑦 | 𝑥, 𝑓).
Per-token estimator. Deriving the gradient of the SDPO loss as defined in Equation (1):

ℒtoken(𝜃) := E𝑦∼stopgrad(𝜋𝜃(·|𝑥))

[︃
𝑇∑︁

𝑡=1

KL(𝜋𝜃(· | 𝑥, 𝑦<𝑡)‖stopgrad(𝜋𝜃(· | 𝑥, 𝑓, 𝑦<𝑡)))

]︃
(4)

leads to the following estimator (see a detailed proof in Appendix F.1), which corresponds to the sum
of gradients of the KL divergence at each token:

∇ℒtoken(𝜃) = E𝑦∼𝜋𝜃(·|𝑥)

[︃
𝑇∑︁

𝑡=1

E𝑦𝑡∼𝜋𝜃(·|𝑥,𝑦<𝑡)

[︂
∇𝜃 log 𝜋𝜃(𝑦𝑡 | 𝑥, 𝑦<𝑡) · log

𝜋𝜃(𝑦𝑡 | 𝑥, 𝑦<𝑡)

𝜋𝜃(𝑦𝑡 | 𝑥, 𝑓, 𝑦<𝑡)

]︂]︃
.

(5)
This corresponds to the estimator presented in Proposition 2.1. This gradient estimator effectively
assumes that the sampling distribution generating 𝑦 is fixed.
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Sequence-level estimator. An alternative self-distillation objective minimizes the sequence-level
KL divergence between student and self-teacher, i.e.,

ℒseq(𝜃) := KL(𝜋𝜃‖𝑞𝜃) = E𝑦∼𝜋𝜃(·|𝑥)

[︂
log

𝜋𝜃(𝑦 | 𝑥)
𝑞𝜃(𝑦 | 𝑥, 𝑓)

]︂
=

𝑇∑︁
𝑡=1

E𝑠𝑡∼Π𝜃
[KL(𝜋𝜃(· | 𝑠𝑡)‖𝑞𝜃(· | 𝑠𝑡, 𝑓))] ,

(6)

where 𝑠𝑡 = (𝑥, 𝑦<𝑡) is the prefix (“state”) at step 𝑡 and Π𝜃 denotes the prefix distribution under policy
𝜋𝜃. Estimating the gradient of this objective additionally takes into account how the choice of 𝑦𝑡
influences future states 𝑦>𝑡 (due to the additional dependence on Π𝜃).

Amini et al. (2025) show that the corresponding gradient estimator is given by

∇ℒseq(𝜃) = ∇ℒtoken(𝜃) + E𝑦∼𝜋𝜃(·|𝑥)

[︃
𝑇∑︁

𝑡=1

KL(𝜋𝜃(· | 𝑠𝑡)‖𝑞𝜃(· | 𝑠𝑡, 𝑓))∇𝜃 log Π𝜃(𝑠𝑡)

]︃
. (7)

The additional term of the sequence-level gradient captures how prefixes influence the self-distillation
divergence of future tokens. We also experimented with this sequence-level gradient estimator but
did not find measurable gains relative to its additional complexity.

E.2 REGULARIZED TEACHER

In contrast to standard distillation, the teacher in SDPO changes throughout training. This bootstrap-
ping enables the teacher to improve, but it may also lead to training instability. To stabilize training,
we seek to prevent the teacher 𝑞 from quickly diverging from the initial teacher 𝑞𝜃ref . We can achieve
this by placing an explicit trust-region constraint on 𝑞 (Schulman et al., 2015; Peng et al., 2019), that
is: ∑︁

𝑡

KL(𝑞(𝑦𝑡 | 𝑥, 𝑓, 𝑦<𝑡)‖𝑞𝜃ref (𝑦𝑡 | 𝑥, 𝑓, 𝑦<𝑡)) ≤ 𝜖, 𝜖 > 0. (8)

This trust-region can be implemented in two ways:

1. Explicit trust-region: We can define the teacher as the policy closest to 𝑞𝜃 while satisfying the
trust-region constraint. This teacher can be expressed as

𝑞(𝑦𝑡 | 𝑥, 𝑓, 𝑦<𝑡) ∝ exp
(︀
(1− 𝛼) log 𝑞𝜃ref (𝑦𝑡 | 𝑥, 𝑓, 𝑦<𝑡) + 𝛼 log 𝑞𝜃(𝑦𝑡 | 𝑥, 𝑓, 𝑦<𝑡)

)︀
, (9)

with 𝛼 ∈ (0, 1) the inverse Lagrange multiplier for the trust-region constraint. We include a
full derivation in Appendix F.2. We can plug this explicitly constrained teacher directly into
the SDPO objective.

2. Exponential moving average (EMA): Alternatively, we can stabilize the teacher’s parameters
directly; parameterizing 𝑞𝜃′ by 𝜃′ and updating as 𝜃′ ← (1− 𝛼)𝜃′ + 𝛼𝜃 with 𝛼 ∈ (0, 1).

Note that each implementation has a different practical advantage: The EMA teacher requires
additional GPU memory for 𝜃′ yet does not introduce any runtime overhead. In contrast, the trust-
region teacher requires an additional log-prob computation with 𝑞𝜃ref yet does not require additional
GPU memory if 𝜃ref is used for explicit KL regularization.

E.3 APPROXIMATE LOGIT DISTILLATION

To save GPU memory, we perform distillation only on the top-𝐾 tokens predicted by the student:
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ℒSDPO(𝜃) =

𝑇∑︁
𝑡=1

KL(𝜋𝜃(· | 𝑥, 𝑦<𝑡)‖stopgrad(𝑞𝜃(· | 𝑥, 𝑓, 𝑦<𝑡)))

≈
𝑇∑︁

𝑡=1

∑︁
𝑦𝑡∈top𝐾(𝜋𝜃)

𝜋𝜃(𝑦𝑡 | 𝑥, 𝑦<𝑡) · log
𝜋𝜃(𝑦𝑡 | 𝑥, 𝑦<𝑡)

stopgrad(𝑞𝜃(𝑦𝑡 | 𝑥, 𝑓, 𝑦<𝑡))

+
(︁
1−∑︀

𝑦𝑡∈top𝐾(𝜋𝜃)
𝜋𝜃(𝑦𝑡 | 𝑥, 𝑦<𝑡)

)︁
· log

1−
∑︀

𝑦𝑡∈top𝐾(𝜋𝜃)
𝜋𝜃(𝑦𝑡 | 𝑥, 𝑦<𝑡)

stopgrad

(︁
1−

∑︀
𝑦𝑡∈top𝐾(𝜋𝜃)

𝑞𝜃(𝑦𝑡 | 𝑥, 𝑓, 𝑦<𝑡)
)︁

⏟  ⏞  
tail

(10)

Here, the top-𝐾 is with respect to student. Without top-𝐾 distillation, we would have to keep two
copies of logits in memory: one for teacher and student each. Top-𝐾 distillation avoids virtually any
memory overhead without impacting performance significantly, since most tokens of the vocabulary
are not informative at a given time.

E.4 OFF-POLICY TRAINING: GENERALIZATION TO LOGIT-LEVEL LOSSES

PPO-style clipping (Schulman et al., 2017) with truncated importance sampling (Yao et al., 2025),
clip-higher (Yu et al., 2025), fixed length normalization (Liu et al., 2025b):

ℒtoken(𝜃) := −
1∑︀𝐺

𝑖=1 |𝑦𝑖|

𝐺∑︁
𝑖=1

|𝑦𝑖|∑︁
𝑡=1

min
(︀
𝑤TIS

𝑖,𝑡 , 𝜌
)︀
min (𝑤𝑖,𝑡𝐴𝑖,𝑡, clip(𝑤𝑖,𝑡, 1− 𝜀low, 1 + 𝜀high)𝐴𝑖,𝑡) ,

(11)
with 𝑤𝑖,𝑡 :=

𝜋𝜃(𝑦𝑖,𝑡|𝑥,𝑦𝑖,<𝑡)
𝜋𝜃old

(𝑦𝑖,𝑡|𝑥,𝑦𝑖,<𝑡)
, 𝑤TIS

𝑖,𝑡 :=
𝜋𝜃old

(𝑦𝑖,𝑡|𝑥,𝑦𝑖,<𝑡)

𝜋rollout
𝜃old

(𝑦𝑖,𝑡|𝑥,𝑦𝑖,<𝑡)
, and 𝐴𝑖,𝑡 denotes the per-token advan-

tage.

We extend this to a logit-level loss:

ℒlogit(𝜃) := −
1∑︀𝐺

𝑖=1 |𝑦𝑖|

𝐺∑︁
𝑖=1

|𝑦𝑖|∑︁
𝑡=1

∑︁
𝑦𝑖,𝑡

min
(︀
𝜋𝜃old(𝑦𝑖,𝑡 | 𝑥, 𝑦𝑖,<𝑡), 𝜌𝜋

rollout
𝜃old

(𝑦𝑖,𝑡 | 𝑥, 𝑦𝑖,<𝑡)
)︀

min (𝑤𝑖,𝑡(𝑦𝑖,𝑡)𝐴𝑖,𝑡(𝑦𝑖,𝑡), clip(𝑤𝑖,𝑡(𝑦𝑖,𝑡), 1− 𝜀low, 1 + 𝜀high)𝐴𝑖,𝑡(𝑦𝑖,𝑡)) ,

(12)

where 𝑦𝑖,𝑡 sums over all possible tokens at position 𝑡 for rollout 𝑖 (or the 𝐾 most likely under 𝜋𝜃old ,
cf. Appendix E.3). The TIS changes since we explicitly weight each logit by its probability under
𝜋𝜃old rather than relying on a Monte Carlo estimate of the expectation over next-token predictions.
Here, 𝐴𝑖,𝑡(𝑦𝑖,𝑡) is a per-logit advantage.

In our experiments for SDPO, we apply the TIS term on a token-level rather than logit-level.
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F THEORETICAL ANALYSIS

This section is organized as follows:

• Appendix F.1 derives the SDPO gradient from Theorem 2.1.
• Appendix F.2 derives the trust-region regularized teacher discussed in Appendix E.2.

To disambiguate the notation of the self-teacher, we use 𝑞𝜃(· | 𝑥, 𝑓) := 𝜋𝜃(· | reprompt(𝑥, 𝑓)) in
the following. Here, reprompt denotes the reprompt template of the self-teacher.

F.1 PROOF OF PROPOSITION 2.1.

Proof. In the following, we derive the gradient of ℒSDPO.

∇𝜃 ℒSDPO(𝜃) = ∇𝜃

𝑇∑︁
𝑡=1

KL(𝜋𝜃(· | 𝑥, 𝑦<𝑡)‖stopgrad(𝑞𝜃(· | 𝑥, 𝑓, 𝑦<𝑡)))

= ∇𝜃

𝑇∑︁
𝑡=1

∑︁
𝑦𝑡

𝜋𝜃(𝑦𝑡 | 𝑥, 𝑦<𝑡) log

(︂
𝜋𝜃(𝑦𝑡 | 𝑥, 𝑦<𝑡)

stopgrad(𝑞𝜃(𝑦𝑡 | 𝑥, 𝑓, 𝑦<𝑡))

)︂
Let 𝐴𝑡,𝑘 := log

(︁
stopgrad(𝑞𝜃(𝑦𝑡|𝑥,𝑓,𝑦<𝑡))

𝜋𝜃(𝑦𝑡|𝑥,𝑦<𝑡)

)︁
. Then,

= −∇𝜃

𝑇∑︁
𝑡=1

∑︁
𝑦𝑡

𝜋𝜃(𝑦𝑡 | 𝑥, 𝑦<𝑡)𝐴𝑡,𝑘

= −
𝑇∑︁

𝑡=1

∑︁
𝑦𝑡

𝜋𝜃(𝑦𝑡 | 𝑥, 𝑦<𝑡)∇𝜃 𝐴𝑡,𝑘 +𝐴𝑡,𝑘∇𝜃 𝜋𝜃(𝑦𝑡 | 𝑥, 𝑦<𝑡).

We have that ∇𝜃 𝐴𝑡,𝑘 = −∇𝜃 log 𝜋𝜃(𝑦𝑡 | 𝑥, 𝑦<𝑡) is the negative score function. Using the score trick,
𝜋𝜃(𝑦𝑡 | 𝑥, 𝑦<𝑡)∇𝜃 log 𝜋𝜃(𝑦𝑡 | 𝑥, 𝑦<𝑡) = ∇𝜃 𝜋𝜃(𝑦𝑡 | 𝑥, 𝑦<𝑡). Hence, the first term simplifies to

−
𝑇∑︁

𝑡=1

∑︁
𝑦𝑡

𝜋𝜃(𝑦𝑡 | 𝑥, 𝑦<𝑡)∇𝜃 𝐴𝑡,𝑘 =

𝑇∑︁
𝑡=1

∑︁
𝑦𝑡

∇𝜃 𝜋𝜃(𝑦𝑡 | 𝑥, 𝑦<𝑡) =

𝑇∑︁
𝑡=1

∇𝜃

∑︁
𝑦𝑡

𝜋𝜃(𝑦𝑡 | 𝑥, 𝑦<𝑡)⏟  ⏞  
=1

= 0.

Thus, the gradient of ℒSDPO is

∇𝜃 ℒSDPO = −
𝑇∑︁

𝑡=1

∑︁
𝑦𝑡

𝐴𝑡,𝑘∇𝜃 𝜋𝜃(𝑦𝑡 | 𝑥, 𝑦<𝑡)

= −
𝑇∑︁

𝑡=1

∑︁
𝑦𝑡

𝜋𝜃(𝑦𝑡 | 𝑥, 𝑦<𝑡)
(︁
𝐴𝑡,𝑘∇𝜃 log 𝜋𝜃(𝑦𝑡 | 𝑥, 𝑦<𝑡)

)︁

= −
𝑇∑︁

𝑡=1

E𝑦𝑡∼𝜋𝜃(·|𝑥,𝑦<𝑡) [𝐴𝑡,𝑘∇𝜃 log 𝜋𝜃(𝑦𝑡 | 𝑥, 𝑦<𝑡)] .

Notably, the above implies that the gradient of ℒSDPO is equivalent to the gradient of the loss if
𝐴𝑡,𝑘 = stopgrad

(︁
log 𝑞𝜃(𝑦𝑡|𝑥,𝑓,𝑦<𝑡)

𝜋𝜃(𝑦𝑡|𝑥,𝑦<𝑡)

)︁
.

F.2 TRUST-REGION TEACHER

To stabilize training, we seek to prevent the teacher 𝑞 from diverging from the initial teacher 𝑞𝜃ref .
We can achieve this by placing an explicit trust-region constraint on the teacher 𝑞 (Schulman et al.,
2015; Peng et al., 2019), that is:∑︁

𝑡

KL(𝑞(𝑦𝑡 | 𝑥, 𝑓, 𝑦<𝑡)‖𝑞𝜃ref (𝑦𝑡 | 𝑥, 𝑓, 𝑦<𝑡)) ≤ 𝜖, 𝜖 > 0. (13)
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In the following, we derive a teacher 𝑞 which satisfies the trust-region constraint while staying close
to the target 𝑞𝜃. The following optimization problem characterizes such a 𝑞 (Peng et al., 2019):

argmax
𝑞∈Δ

∑︁
𝑡

∑︁
𝑦𝑡

𝑞(𝑦𝑡 | 𝑥, 𝑓, 𝑦<𝑡) log
𝑞𝜃(𝑦𝑡 | 𝑥, 𝑓, 𝑦<𝑡)

𝑞𝜃ref (𝑦𝑡 | 𝑥, 𝑓, 𝑦<𝑡)

s.t.
∑︁
𝑡

KL(𝑞(𝑦𝑡 | 𝑥, 𝑓, 𝑦<𝑡)‖𝑞𝜃ref (𝑦𝑡 | 𝑥, 𝑓, 𝑦<𝑡)) ≤ 𝜖,

(14)

where ∆ denotes the probability simplex. Intuitively, the solution is the 𝑞 satisfying the trust-region
constraint, which is closest to 𝑞𝜃 (i.e., has minimal cross-entropy to 𝑞𝜃) while being farthest from
𝑞𝜃ref (i.e., has maximal cross-entropy to 𝑞𝜃ref ).
Proposition F.1. The solution to Equation (14) can be expressed in closed form as

𝑞*(𝑦𝑡 | 𝑥, 𝑓, 𝑦<𝑡) ∝ exp
(︀
(1− 𝛼) log 𝑞𝜃ref (𝑦𝑡 | 𝑥, 𝑓, 𝑦<𝑡) + 𝛼 log 𝑞𝜃(𝑦𝑡 | 𝑥, 𝑓, 𝑦<𝑡)

)︀
. (15)

Proof. To simplify notation, we omit the conditioning in the following. The Lagrangian (with 𝜆 ≥ 0
for the KL constraint and 𝜈 for normalization) is

ℒ(𝑞, 𝜆, 𝜈) =
∑︁
𝑡

∑︁
𝑦𝑡

𝑞(𝑦𝑡) log
𝑞𝜃(𝑦𝑡)

𝑞𝜃ref (𝑦𝑡)
− 𝜆

(︁∑︁
𝑦𝑡

𝑞(𝑦𝑡) log
𝑞(𝑦𝑡)

𝑞𝜃ref (𝑦𝑡)
− 𝜖

)︁
+ 𝜈

(︁∑︁
𝑦𝑡

𝑞(𝑦𝑡)− 1
)︁
.

Stationarity gives, for all 𝑦𝑡,

0 =
𝜕ℒ

𝜕𝑞(𝑦𝑡)
= log

𝑞𝜃(𝑦𝑡)

𝑞𝜃ref (𝑦𝑡)
− 𝜆

(︁
log

𝑞(𝑦𝑡)

𝑞𝜃ref (𝑦𝑡)
+ 1

)︁
+ 𝜈.

Let 𝛼 := 1/𝜆. Then, the solution to Equation (14) can be characterized in closed form as

𝑞*(𝑦𝑡) ∝ 𝑞𝜃ref (𝑦𝑡) exp
(︁
𝛼 log 𝑞𝜃(𝑦𝑡)

𝑞𝜃ref (𝑦𝑡)

)︁
∝ exp

(︀
(1− 𝛼) log 𝑞𝜃ref (𝑦𝑡) + 𝛼 log 𝑞𝜃(𝑦𝑡)

)︀
.

Chen et al. (2025c) perform a similar derivation, but use reference 𝜋𝜃ref , which we observe to
underperform compared to the reference 𝑞𝜃ref .
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G RELATED WORK

G.1 REINFORCEMENT LEARNING WITH LLMS

Recently, large-scale RL training on diverse tasks has significantly improved the performance of
LLMs on general reasoning tasks (Guo et al., 2025; Kimi et al., 2025; Olmo et al., 2025; Jaech
et al., 2024; Lambert et al., 2025). This progress is primarily enabled by RLVR methods that use
Monte Carlo estimates of rewards, such as STaR or GRPO (Zelikman et al., 2022; Shao et al., 2024),
similar to the classical REINFORCE algorithm (Williams, 1992). While several traditional RLVR
algorithms rely on learning separate value networks (Schulman et al., 2017), they incur substantial
memory costs and retain the information bottleneck of scalar rewards.

In the RLVR setting, it is common for an (outcome) reward to be given only at the end of a sequence.
To improve credit assignment, several works learn so-called process reward models (PRMs) that
estimate rewards for each step in the sequence (Lightman et al., 2023; Wang et al., 2024a; Setlur
et al., 2025). Unlike our RLRF setting, PRMs are typically trained on scalar rewards, either on value
estimates for intermediate states or on outcome rewards (Cui et al., 2025). Unlike the self-teacher
in SDPO, PRMs are a distinct model from the student, introducing significant memory overhead.
Our work shows that each language model is implicitly a PRM through retrospection if given rich
feedback.

Conceptually, our work is related to “bootstrapping your own latent” (BYOL; Grill et al., 2020) and
“expert iteration” (Anthony et al., 2017) where a student is bootstrapped by repeatedly imitating an
improved version of itself (called the “expert”). Canonically, the expert combines the student with
test-time search, such as tree search (Anthony et al., 2017) or majority voting (Zuo et al., 2025).
In contrast, SDPO leverages the student’s ability to learn from rich feedback provided in-context,
which is related to “augmented views” in BYOL.

G.2 LEARNING FROM RICH FEEDBACK AND THROUGH RETROSPECTION

Beyond scalar outcome rewards, recent works have leveraged rich execution or verbal feedback to
guide generation (Gehring et al., 2025; Feng et al., 2024b; Yuksekgonul et al., 2025). A primary
line of research focuses on translating verbal feedback into reward functions for RL. This is often
achieved by mapping feedback to discrete token-level rewards using an external frozen model (Wang
et al., 2026), or by employing strong external LLMs to explicitly construct state-wise reward
functions (Goyal et al., 2019; Xie et al., 2024; Urcelay et al., 2026).

Alternatively, feedback can be utilized without explicit reward modeling. Several approaches focus
on in-context improvement without integrating the process into the RL optimization loop (Chen
et al., 2021; Madaan et al., 2023; Shinn et al., 2023; Yao et al., 2024; Yuksekgonul et al., 2025;
Lee et al., 2025). Others manually curate preference datasets by pairing responses before and after
feedback to train with direct preference optimization (Stephan et al., 2024; Lee et al., 2024), though
this requires additional generation and lacks the direct credit assignment of SDPO. Various recent
works bootstrap thinking traces from known answers, using these answers as rich feedback (Zhou
et al., 2026; Hatamizadeh et al., 2026; Zhang et al., 2025).

A central object in several recent works is a feedback-conditioned policy 𝜋𝜃(𝑦 | 𝑥, 𝑓), which learns
answers 𝑦 that lead to feedback 𝑓 (Liu et al., 2023; Zhang et al., 2023; Luo et al., 2025), typically
through supervised objectives. The idea behind these approaches is to deploy a policy conditioned
on desirable (i.e., positive) feedback for deployment. This approach is conceptually related to goal-
conditioned RL (Schaul et al., 2015; Liu et al., 2025a), where one can learn from negative examples
through goal relabeling (Andrychowicz et al., 2017). Feedback-conditioned policies view feedback
as a goal, whereas RLRF views feedback as a state that can be used to determine whether the goal
𝑥 is achieved. Unlike SDPO, these methods do not use feedback for credit assignment in negative
trajectories, but rather as a data transformation for goal relabeling.

G.3 DISTILLATION

Distillation is frequently employed as an alternative to supervised fine-tuning (SFT) when a strong
teacher model is available. This approach transfers capabilities by training a student to mimic the
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output distribution or intermediate representations of the teacher (Hinton et al., 2015; Romero et al.,
2015; Kim & Rush, 2016; Sanh et al., 2019; Xie et al., 2020). Distillation is typically performed
on fixed off-policy datasets. To address the distribution shift between training and inference, recent
works explore on-policy distillation, where the student learns from feedback of an external teacher
on its own generations (Agarwal et al., 2024; Gu et al., 2024; Yang et al., 2025; Lu & Thinking
Machines Lab, 2025). This mitigates the train-test mismatch, which relates closely to earlier work
on online imitation learning (Ross et al., 2011).

G.4 SELF-DISTILLATION

The concept of self-distillation was first proposed by Snell et al. (2022) in a setting akin to supervised
learning, introducing the idea of sampling from a model provided with extra context and training
the same model to mimic these predictions without that context. This mechanism has proven
effective for compressing behavior (Bai et al., 2022; Choi et al., 2022; Yang et al., 2024) and factual
information (Eyuboglu et al., 2026; Kujanpää et al., 2025; Cao et al., 2025) into model weights.
Beyond compressing a fixed context into model weights, recent works have used self-distillation
to learn from environment feedback (Scheurer et al., 2023; Dou et al., 2024; Zhou et al., 2025; Mitra
& Ulukus, 2025). These approaches use an off-policy self-distillation objective, which substantially
underperforms SDPO’s on-policy learning. Off-policy self-distillation trains the student on gener-
ations from the teacher, whereas SDPO trains the student to avoid mistakes in its own generations.
In concurrent work, Chen et al. (2025c) apply on-policy self-distillation to grid world settings where
feedback is a scalar reward, and a reflection stage in the self-teacher diagnoses possible mistakes,
showing improved credit assignment compared to learning value networks for advantage estimation.
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H ADDITIONAL RESULTS & ABLATIONS

This section is organized as follows:

• Appendix H.1 contains results and ablations for Section 3.
• Appendix H.2 contains results and ablations for Section 4.

H.1 LEARNING WITHOUT RICH ENVIRONMENT FEEDBACK

• Table 7 reports results when optimal hyperparameters are selected for each model/task combina-
tion.

• Table 8 compares average response lengths of SDPO and GRPO.

Chemistry Physics Biology Materials Tool use

1h 5h 1h 5h 1h 5h 1h 5h 1h 5h

Qwen3-8B 35.6 59.2 27.9 58.9 57.5
+ GRPO 54.2 69.6 62.9 74.5 34.3 51.8 74.3 77.1 61.7 68.1
+ GRPO (on-policy) 54.2 69.6 62.9 74.8 30.3 49.4 73.3 75.8 61.7 68.1
+ SDPO (on-policy) 59.9 70.1 70.6 80.6 53.1 53.1 72.1 78.3 56.4 68.5

Olmo3-7B-Instruct 18.8 37.7 18.1 36.7 39.3
+ GRPO 42.7 54.3 55.3 63.3 54.2 63.8 73.8 78.1 56.4 65.0
+ GRPO (on-policy) 48.8 54.3 62.7 62.7 54.2 63.8 67.9 74.4 56.0 61.3
+ SDPO (on-policy) 59.2 76.8 60.3 71.4 56.1 58.3 75.3 79.2 57.3 62.5

Table 7: Comparison of SDPO and GRPO on reasoning-related benchmarks. We report the
highest achieved avg@16 within 1 hour and 5 hours of wall-clock training time, respectively. Both
SDPO and on-policy GRPO perform one gradient step per generation batch, while GRPO performs 4
off-policy mini batch steps. We select optimal hyperparameters for SDPO and baselines based on 5h
accuracy. We perform this selection independently for each model and dataset. Each run is performed
on a node with 4 NVIDIA GH200 GPUs. Together with initialization and validation, each run takes
approximately 6 hours. As opposed to Table 1 which selects globally optimal hyperparameters per
method, this table selects optimal hyperparameters individually for each model/task combination
based on 5h accuracy. The hyperparameter grid is described in Section I.2.1.

Model GRPO SDPO Reduction of SDPO

Qwen3-8B 820.8 255.8 3.2×
Olmo3-7B-Instruct 1095.4 343.9 3.2×

Table 8: Average response lengths of SDPO and GRPO (averaged across tasks from Section 3). Both
algorithms are evaluated in the on-policy setting.
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Figure 14: Accuracy (pass@1) for varying train batch sizes (4, 8, 16, 32) and number of rollouts (4,
8) for training SDPO and GRPO with Qwen3-8B (Yang et al., 2025) on LCBv6, ± stderr across 3
seeds. Different shades of the same color correspond to different runs.

H.2 LEARNING WITH RICH ENVIRONMENT FEEDBACK

H.2.1 ADDITIONAL RESULTS
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Figure 13: Average accuracy during training until
step 80, stratified by difficulty. Error bars show
standard deviation across 3 seeds.

Figure 13 shows the average accuracy of SDPO
and GRPO stratified by question difficulty. LCB
differentiates between easy, medium, and hard
questions.

In Figure 14, we compare different train batch
sizes and number of rollouts for training GRPO
and SDPO on LCBv6.

Complementing the results shown in Figure 6,
we show additional results using Qwen2.5-
Instruct (Qwen et al., 2024) in Figure 15.
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Figure 15: Average validation accuracy by model size, ± std across 3 seeds. With Qwen2.5-
Instruct (Qwen et al., 2024) and Qwen3 (Yang et al., 2025) on LCBv6. Until step 65 for Qwen2.5
and until step 80 for Qwen3.

H.2.2 TRAINING STABILITY

Figure 16 shows diverse metrics logged during
training, including the loss, entropy, average
gradient norm, and average response length.
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Figure 16: Loss, entropy, avg. gradient norm and avg. response length during training of SDPO on
LCBv6 (Section 4

.

H.2.3 BASELINES

Table 9 compares the performance on LCBv6 of various baselines, including two variants of GRPO,
GSPO, and CISPO to SDPO.

Accuracy Avg accuracy

GRPO 41.2± 0.8 38.2± 0.0
+ only high-entropy tokens (Wang et al., 2025) 37.8± 2.2 35.9± 0.1

GSPO (Zheng et al., 2025) 40.1± 2.3 37.7± 0.1
CISPO (Chen et al., 2025a) 41.2± 1.8 37.8± 0.1
SDPO 48.8± 0.6 43.8± 0.0

Table 9: Performance on LCBv6 at/until training step 80 with std over 3 seeds. We compare to
GSPO (Zheng et al., 2025) and CISPO (Chen et al., 2025a). With Qwen3-8B.
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I EXPERIMENT DETAILS

I.1 TECHNICAL SETUP

All experiments were conducted on a single node equipped with four NVIDIA GH200 GPUs,
for a total of 378GB VRAM. Our environment is built on top of the NVIDIA PyTorch container
nvcr.io/nvidia/pytorch:25.02-py3, with CUDA 12.8 and PyTorch v2.7.0.

Our implementation is based on the verl library (Sheng et al., 2025). We use PyTorch Fully Sharded
Data Parallel (FSDP2) for distributed training. For rollout generation, we employ vLLM (Kwon et al.,
2023), which enables efficient batched inference on the multi-GPU node.

I.2 HYPERPARAMETERS

We summarize hyperparameters used for SDPO in Table 10 and those used for GRPO in Table 11.

Parameters Without Feedback With Feedback
Section 3 Section 4

General
Model Qwen/Qwen3-8B Qwen/Qwen3-8B

allenai/Olmo3-7B-Instruct
Thinking False False

Data
Max. prompt length 2048 2048
Max. response length 8192 8192

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

Rollout
Inference engine vllm vllm
Temperature 1.0 1.0

Validation
Number of rollouts 16 4
Temperature 0.6 0.6
Top-𝑝 0.95 0.95

SDPO loss
Top-𝐾 distillation 100 20
Distillation divergence Jensen–Shannon Reverse-KL
Clip advantages – –
Teacher-EMA update rate 0.05 0.01
Rollout importance sampling clip 2 2

Training
Optimizer AdamW AdamW
Learning rate 1× 10−5 (constant) 1× 10−6 (constant)
Warmup steps 10 0
Weight decay 0.01 0.01
Gradient Clip Norm 1.0 1.0

Table 10: Hyperparameters used for SDPO for each experimental setup.
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Parameters Experiment 1
Section 3

General
Model Qwen/Qwen3-8B

allenai/Olmo3-7B-Instruct
Thinking False

Data
Max. prompt length 2048
Max. response length 8192

Batching
Question batch size 32
Mini batch size 8 (default) / 32 (on-policy)
Number of rollouts 8

Rollout
Inference engine vllm
Temperature 1.0

Validation
Temperature 0.6
Top-𝑝 0.95
Number of rollouts 16

Loss
𝜖-high 0.28
Rollout importance sampling clip 2
KL coefficient (𝜆) 0.0

Training
Optimizer AdamW
Learning rate 1× 10−6 (default) / 1× 10−5 (on-policy)
Warmup steps 10
Weight decay 0.01
Gradient Clip Norm 1.0

Table 11: Hyperparameters used for GRPO.

I.2.1 DETAILS ON HYPERPARAMETER SELECTION (SECTION 3)

For GRPO in the experiments in Section 3, we perform a grid search over learning rates {10−5, 10−6}
and minibatch sizes {8, 32}. For on-policy GRPO, we search over the same learning rates while fixing
the minibatch size to 32. For SDPO, we grid-search over KL variants (forward KL, Jensen–Shannon),
learning rates {10−5, 10−6}, and minibatch sizes {8, 32}. For each method (GRPO, on-policy GRPO,
and SDPO), we select a single hyperparameter configuration that achieves the highest validation
accuracy within the first 5 hours of training, evaluated across all datasets and models used in Section 3.
We further report results obtained by selecting the optimal hyperparameter configuration separately
for each model and dataset in Table 1.

I.3 USER TEMPLATES

For multiple-choice questions and tool use, the model must be prompted in a task-specific manner.
We therefore provide the prompt templates used for these settings below.

Given a question and four options, please select the right answer. Respond in the
following format:
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<reasoning>
...
</reasoning>
<answer>
...
</answer>

For the answer, only output the letter corresponding to the correct option (A, B, C,
or D), and nothing else. Do not restate the answer text. For example, if the
answer is "A", just output:

<answer>
A
</answer>

Listing 1: System prompt: Multiple Choice Questions

{question}
Please reason step by step.

Listing 2: User prompt: Multiple Choice Questions

You are a helpful function-calling AI assistant. You are provided with function
signatures within <functions></functions> XML tags. You may call one or more
functions to assist with the user query. Output any function calls within <
function_calls></function_calls> XML tags. Do not make assumptions about what
values to plug into functions.

Listing 3: System prompt: Tool use

Your task is to answer the user's question using available tools.
You have access to the following tools:
Name: Axolotl
Description: Collection of axolotl pictures and facts
Documentation:
getRandomAxolotlImage: Retrieve a random axolotl image with information on the

image source.
Parameters: {}
Output: Successful response.
- Format: application/json
- Structure: Object{url, source, description}
searchAxolotlImages: Search for axolotl images based on specific criteria such as

color, gender, and size.
Parameters: {"color": "string. One of: [wild, leucistic, albino]. The color of the

axolotl (e.g., 'wild', 'leucistic', 'albino', etc.).", "gender": "string. One
of: [male, female]. The gender of the axolotl ('male', 'female').", "size": "
string. One of: [small, medium, large]. The size of the axolotl ('small', '
medium', 'large').", "page": "integer. The page number for pagination purposes
."}

Output: Successful response.
- Format: application/json
- Structure: Object{results: Array[Object{url, source, description}], pagination:

Object{current_page, total_pages, total_results}}
getAxolotlFacts: Retrieve interesting facts about axolotls such as their habits,

habitats, and physical characteristics.
Parameters: {"category": "string. One of: [habits, habitat, physical

characteristics]. The category of facts to retrieve (e.g., 'habits', 'habitat',
'physical characteristics').", "limit": "integer. The maximum number of facts
to return."}

Output: Successful response.
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- Format: application/json
- Structure: Array[Object{fact, source}]

Use the following format:
Thought: you should always think about what to do
Action: the action to take, should be one of the tool names.
Action Input: the input to the action, must be in JSON format. All of the action

input must be realistic and from the user.

Begin!
Question: Hey, can you show me a random picture of an axolotl?

Listing 4: Example user prompt: Tool use
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J QUALITATIVE EXAMPLES

J.1 VISUALIZATION OF ADVANTAGES

Figure 17 compares the advantages of SDPO and GRPO in a representative example.
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Figure 17: Visualization of advantages in SDPO and GRPO with Olmo3-7B-Instruct in a batch from
the Chemistry task of Section 3. Each row corresponds to the beginning of a response. The color
indicates the advantage value at that token position, with positive advantages shown in blue and
negative advantages shown in red.

J.2 EXAMPLES

Below, we show an example from training SDPO on LCBv6 using Qwen3-8B.

[Prompt]

You are a coding expert. You will be given a coding problem , and you need to write a
correct Python program that matches the specification and passes all tests. The time
limit is 1 second. You may start by outlining your thought process. In the end ,
please provide the complete code in a code block enclosed with ``` ```.

You are given a binary string s of length n, where:

'1' represents an active section.
'0' represents an inactive section.

You can perform at most one trade to maximize the number of active sections in s. In a
trade , you:

Convert a contiguous block of '1's that is surrounded by '0's to all '0's.
Afterward , convert a contiguous block of '0's that is surrounded by '1's to all '1's.

Return the maximum number of active sections in s after making the optimal trade.
Note: Treat s as if it is augmented with a '1' at both ends , forming t = '1' + s + '1'.

The augmented '1's do not contribute to the final count.

Example 1:
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Input: s = "01"
Output: 1
Explanation:
Because there is no block of '1's surrounded by '0's, no valid trade is possible. The

maximum number of active sections is 1.

Example 2:

Input: s = "0100"
Output: 4
Explanation:

String "0100" -> Augmented to "101001".
Choose "0100" , convert "101001" -> "100001" -> "111111".
The final string without augmentation is "1111". The maximum number of active sections is

4.

Example 3:

Input: s = "1000100"
Output: 7
Explanation:

String "1000100" -> Augmented to "110001001".
Choose "000100" , convert "110001001" -> "110000001" -> "111111111".
The final string without augmentation is "1111111". The maximum number of active sections

is 7.

Example 4:

Input: s = "01010"
Output: 4
Explanation:

String "01010" -> Augmented to "1010101".
Choose "010", convert "1010101" -> "1000101" -> "1111101".
The final string without augmentation is "11110". The maximum number of active sections

is 4.

Constraints:

1 <= n == s.length <= 10^5
s[i] is either '0' or '1'

Your solution should have the following signature: ```python
def maxActiveSectionsAfterTrade(s: str) -> int:
```

[Response]

<think >

</think >

To solve this problem , we need to understand the structure of the string and the trade
operation. Here 's the plan:

### Key Insights:
1. We are given a binary string `s`, and we are allowed **at most one trade **.
2. A **trade** consists of two steps:

- Convert a contiguous block of `'1'` that is ** surrounded by `'0'` into `'0'` (i.e.,
flip it).

- Then convert a contiguous block of `'0'` that is ** surrounded by `'1'` into `'1'` (i
.e., flip it).

3. The actual count of active sections is the number of `'1'` characters **after** the
trade. The augmented `'1'` at the beginning and end do not count in the final result.

### Strategy:
- We simulate the trade by considering each possible way to flip a block of `'1'` (

bounded by `'0'`) and then a block of `'0'` (bounded by `'1'`).
- For each possible valid block , simulate the trade and compute the resulting number of

`'1'` characters.
- We only need to consider the original string `s`, not the augmented one (since we can

simulate the trade directly on `s` by checking boundaries).
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We'll use a sliding window technique to find contiguous blocks of `'1'` and `'0'` and
simulate the trade.

---

### Implementation Steps:
1. Simulate the trade by checking for a block of `'1'` surrounded by `'0'` or at the

edges (we simulate the augmented `1` at both sides).
2. For each such block , simulate converting it to `'0'`, then convert a `'0'` block (

again , surrounded by `'1'`) to `'1'`.
3. Count the number of `'1'` in the final string and track the maximum.

---

### Python Code:
```python
def maxActiveSectionsAfterTrade(s: str) -> int:

if not s:
return 0

max_ones = 0
n = len(s)

# We are simulating the augmented '1's on both ends , so we treat the boundaries as
'1's

# So '0' at index 0 or n-1 is considered surrounded by '1's

# Step 1: Find all candidate positions for the first part of the trade
# (convert a block of 1s surrounded by 0s into 0s)
for i in range(n):

if s[i] == '1':
start = i
while i < n and s[i] == '1':

i += 1
end = i - 1
# Check if this block is surrounded by '0's
left_boundary = (start == 0 or s[start - 1] == '0')
right_boundary = (end == n - 1 or s[end + 1] == '0')
if left_boundary and right_boundary:

# This is a candidate block of '1's to flip
# Now , look for a block of '0's surrounded by '1's in the remaining

string
# Replace the '1' block with '0's
# Now find a '0' block surrounded by '1's
# We can simulate the remaining string
temp = list(s)
for j in range(start , end + 1):

temp[j] = '0'

# Now find a contiguous block of '0's surrounded by '1's
max_trade_ones = 0
for k in range(n):

if temp[k] == '0':
start0 = k
while k < n and temp[k] == '0':

k += 1
end0 = k - 1
# Check if this block is surrounded by '1's
left_0 = (start0 == 0 or temp[start0 - 1] == '1')
right_0 = (end0 == n - 1 or temp[end0 + 1] == '1')
if left_0 and right_0:

# Flip this block of '0's to '1's
for j in range(start0 , end0 + 1):

temp[j] = '1'
# Count the number of '1's
count = sum(temp)
max_ones = max(max_ones , count)
break # Only take the first valid block for this trade

# After trying this '1' block , restore the original string
# No need , we just used a copy

return max_ones
```

---

### Optimization Note:
The above approach is **not optimal ** for very large strings. A more efficient method

would involve precomputing the positions of blocks of `'1'` and `'0'`, and checking
valid trades between these blocks in linear time.
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But with the constraints given (up to 10^5), we need to ensure linear or near -linear
performance. The current code is correct but **not efficient ** for large inputs.

Would you like me to provide a more optimized version that runs in **O(n)** time and uses
only one pass through the string?

[Feedback]

b'Runtime Error\nTypeError: unsupported operand type(s) for +: \'int\' and \'str\'\nLine
48 in maxActiveSectionsAfterTrade (Solution.py)\n\nLast Executed Input\n"11000" '

J.3 ENVIRONMENT FEEDBACK

We show three examples of feedback in our coding environment, inspired by LeetCode.

Test Case 3: Wrong Answer

Input
[[3,6,1],[4,21,4]]

Output
6

Expected
22.87500

Test Case 6: Wrong Answer

Input
[[12,25,3],[3,14,2]]

Output
14

Expected
25.83333

Listing 5: Example of feedback “Wrong Answer” from our code environment in case of a wrong
answer, inspired by LeetCode

Runtime Error
MemoryError:
Line 91 in <module> (Solution.py)
Line 25 in solve (Solution.py)

Last Executed Input
10
633 9312
1314 8548
8857 1062
6410 3289
8594 1263
8549 733
3858 5973
... (3 more lines)

Listing 6: Example of feedback “Memory Error” from our code environment in case of a wrong
answer, inspired by LeetCode
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Runtime Error
IndexError: list index out of range
Line 28 in sortMatrix (Solution.py)

Last Executed Input
[[-1,-1,-1,-1,-1,-1,-1,-1,...

Listing 7: Example of feedback “Index Error” from our code environment in case of a wrong answer,
inspired by LeetCode

J.4 ILLUSTRATIVE EXAMPLE

Figure 18 shows an illustrative example of the dense credit assignment in SDPO.

Figure 18: Dense credit assignment through self-teaching in SDPO. The answer is generated
by then model (Qwen3-8B) before seeing the feedback. Then, we re-evaluate the log-probs
of the original attempt with the self-teacher after seeing the feedback. We show the per-token
log(P(self-teacher)/P(student)), with red indicating negative values (self-teacher disagrees), blue indicating
positive values (teacher reinforces), and white indicating values around zero. Using binary rewards,
GRPO would assign the same, negative advantage to all tokens in the sequence. In contrast, SDPO
turns the feedback into dense credit assignment across the sequence. The first row shows the tokens of
the generated response. The 3 other rows show the top-𝑘 logits of the self-teacher that are used during
self-distillation, suggesting alternative tokens. Notably, in this example, the self-teacher identifies
the error through retrospection without an explicit solution. The credit assignment on the generated
sequence, and the alternative top-𝑘 logits correctly show that replacing set with dict maintains the
order of elements. Further, in the seventh shown position, the model also identifies an alternative
solution path which starts with the seen token, instead of directly returning the output. The activation
is sparse, identifying where mistakes happen and adjusting to the students’ response distribution for
specifically these few tokens.
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