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ABSTRACT

On-policy self-distillation improves a model using guidance from the model itself,
but it still requires a teacher that provides more useful predictions than the student.
Existing approaches obtain such guidance by giving the teacher additional context
or instructions. We ask whether it can instead come from changing how the same
model uses its own layers. To address this, we introduce LoOPSD, which searches
over a model’s layer execution order to construct a stronger teacher and distills its
advantage into the student. Specifically, we keep the model weights unchanged
while searching for layers to repeat, and use the resulting teacher’s predictions on
student-generated prefixes to guide learning. We then alternate search and distil-
lation, rebuilding the teacher from the updated student in each round so that the
student progressively absorbs the gains from alternative layer execution. Exper-
iments on mathematical and logical reasoning tasks show improvements across
models. On GSM8K with a 400-token thinking budget, LoOPSD raises Qwen3-
1.7B accuracy from 42.30% to 79.61%; subsequent distillation rounds yield fur-
ther gains beyond the first round. Together, these findings show that by searching
layer execution to construct teachers, we can turn a model’s additional computa-
tion into improved student capabilities, opening a new avenue for self-distillation
to derive supervision from the model’s own computation.

1 INTRODUCTION

On-policy distillation has emerged as a promising approach to improving language models by learn-
ing from teacher predictions on student-generated trajectories (Agarwal et al., 2024). Its token-level
guidance lets a student learn along the response prefixes it actually produces. Within this framework,
self-distillation offers the possibility of improving reasoning without requiring a stronger external
teacher: the model itself supplies the predictions used for learning (Zhao et al., 2026; Sang et al.,
2026). The key question is where this self-teacher obtains predictions that are more useful than those
of the student.

Existing self-distillation approaches obtain such guidance by giving the teacher additional context or
instructions. Additional context can provide a teacher with information beyond the student’s input,
while a concise instruction can elicit a different reasoning behavior (Zhao et al., 2026; Sang et al.,
2026). We investigate whether the same model can become a stronger teacher by running selected
layers more than once, without changing their weights. Can learning from this teacher improve a
student that uses each layer once in the original order?

Layer-execution research provides a concrete opportunity. Repeating or rearranging pretrained lay-
ers can improve a model’s reasoning without changing its weights (Batorski et al., 2026; Li et al.,
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Figure 1: Sources of supervision for reasoning models. LoOPSD constructs a teacher from the
student’s starting weights by selecting an alternative layer route with labeled examples. The resulting
predictions provide supervision without an external teacher model.

2026). We search for which block of layers to repeat and use the resulting model as a teacher. The
research question is whether the advantage obtained through this execution can become an improve-
ment in the student’s parameters. Route search identifies how to construct the teacher; distillation
determines how the student learns from its guidance.

We introduce LoOPSD, an on-policy self-distillation method that uses a looped execution of the
current model as the teacher. We first search for a repeated layer interval using labeled questions
and validate the selected route against standard execution. We then freeze the resulting teacher
and train a student initialized from the same checkpoint. The student generates responses, and the
teacher scores those response prefixes to provide a token-level learning signal. In this way, the
teacher’s additional computation guides the trajectories on which the student learns.

We alternate layer search and distillation over multiple rounds. After each round, we search for
a block of layers to repeat in the updated student and use the resulting looped model as the next
teacher. The student progressively absorbs the gains available from its teachers, and the process
ends when validation no longer identifies a useful looped teacher or the round limit is reached.

LoOPSD also allows different prompts for the teacher and student. We evaluate this extension by
instructing the teacher to reason concisely during both route search and distillation, while the student
retains its original prompt.

Across mathematical and logical reasoning tasks, we find that LoOPSD improves student accuracy
across model sizes and families. On GSM8K, LoOPSD improves Qwen3-1.7B from 42.30% to
79.61% under a 400-token thinking budget; it also improves Phi-4-reasoning-plus from 89.54% to
94.92%. We then examine how these gains develop through iteration, how they appear across think-
ing budgets and realized generation lengths, and where answer readout changes inside the student.
A label-efficiency study measures the feedback needed to construct useful teachers. Together, these
experiments investigate how searched layer execution supplies supervision and how students learn
from it.

2 RELATED WORK

On-policy distillation and self-distillation. Knowledge distillation uses teacher predictions as su-
pervision (Hinton et al., 2015); Born Again Networks show that students of the same architecture can
improve over their teachers (Furlanello et al., 2018). For reasoning, STaR and ReSTEM iterate gen-
eration and training on responses selected using correctness feedback (Zelikman et al., 2022; Singh
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et al., 2024). On-policy distillation instead supplies teacher predictions along student-generated tra-
jectories: GKD trains the student on its own generated responses to reduce the mismatch between
training and inference (Agarwal et al., 2024), while MiniLLM develops reverse-KL distillation with
on-policy optimization (Gu et al., 2024). Recent self-distillation methods give the teacher additional
information or instructions that the student does not receive, such as reference reasoning traces in
Self-Distilled Reasoner and an instruction to reason concisely in CRISP (Zhao et al., 2026; Sang
et al., 2026). We construct and renew teachers by searching layer execution, and allow the teacher
to receive a different prompt from the student.

Layer search and adaptive execution. Universal Transformers and recurrent-depth language
models are trained to apply the same layer block repeatedly, refining hidden states with shared
parameters at each repetition (Dehghani et al., 2019; Geiping et al., 2025). Existing pretrained
models also permit execution changes: RYS searches repeated contiguous layer blocks (Ng, 2026),
whereas Recirculation introduces recurrent activation connections at inference time (Mozer et al.,
2026). MACRO searches routes involving repeated, skipped, or combined layers (Batorski et al.,
2026), and Program-of-Layers learns which pretrained layers to execute, skip, or repeat for each
input (Li et al., 2026). These studies show that changing layer execution can improve a model’s rea-
soning performance. LoOPSD turns this execution advantage into training supervision: it constructs
a teacher through layer search and distills its guidance into a standard-path student, repeating this
process as the student’s weights change.

Reasoning under generation budgets. Reasoning performance often depends on how much com-
putation a model is allowed to use during generation (Wei et al., 2022). Test-time methods such as s1
directly control reasoning length through budget forcing (Muennighoff et al., 2025), while training-
based approaches encourage effective reasoning under constrained generation through length sched-
ules, reward design, or compression, as in ThinkPrune, ShorterBetter, and TokenSkip (Hou et al.,
2025; Yi et al., 2025; Xia et al., 2025). Elastic Reasoning trains models explicitly for bounded gen-
eration with group relative policy optimization (Xu et al., 2026; Shao et al., 2024), whereas CRISP
distills guidance from a concise self-teacher (Sang et al., 2026). These methods primarily control
or improve the use of generated reasoning tokens. LoOPSD instead derives supervision from addi-
tional computation in layer execution and transfers this advantage to a standard-execution student.
We therefore study whether execution-derived supervision improves both reasoning accuracy and re-
alized token use under fixed thinking budgets, and whether it can be combined with concise teacher
prompting.

3 LOOPSD

LoOPSD turns a model’s execution flexibility into training supervision. A round has three com-
ponents: selecting a useful route, learning from the resulting frozen teacher on student-generated
prefixes, and constructing the next teacher from the updated checkpoint.

Small
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Dlab

Route search (i, j)

⋮

L1 L2 L3 L4 L5r 1,2
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Figure 2: Overview of LoOPSD. (1) Teacher construction: Using a small labeled set, we try
different choices of layers to repeat, then select the best-performing route to define the teacher. (2)
On-policy distillation: The student generates responses using the original layer order. The frozen
teacher evaluates the same response prefixes and provides token-level supervision to update the
student. (3) Iteration and final model: The updated student is used to build the teacher for the next
round. After K rounds, the final student uses the original layer order.
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3.1 SELECTING THE TEACHER’S COMPUTATION

Let pθ,std denote a model with parameters θ that runs layers 1, . . . , L in their original order. A route
r specifies which layers are run and in what order. In our main experiments, a block of consecutive
layers is run twice, reusing the same weights (Ng, 2026). We write pθ,r for the model’s output
distribution under route r.

Repeating layers i through j (1 ≤ i ≤ j ≤ L) gives the route

ri,j = (1, . . . , i− 1, i, . . . , j, i, . . . , j, j + 1, . . . , L). (1)

The teacher performs L+(j− i+1) layer evaluations per token. Each repeated layer uses the same
pretrained parameters on the hidden state produced by the previous execution. The route is shared
across questions within a round. Selecting it changes the teacher’s predictions without requiring a
larger parameter checkpoint.

At round k, we evaluate candidate routes on labeled search questions in stages, retaining the best-
performing routes in Ck. We then compare these candidates with the standard route on a separate
validation set Dval, using the same prompt and token budgets:

r∗k = argmax
r∈Ck∪{std}

1

|Dval|
∑

(x,a)∈Dval

V (DecodeB,A(pθk,r, x), a) . (2)

Here, V scores a generated answer against its reference answer, and B and A are the maximum
numbers of thinking and answer tokens, respectively. If the selected route scores higher than the
standard route on the validation set, it defines the teacher qk = pθk,r∗k . The teacher’s weights and
route remain fixed during the following distillation round. Candidate-screening details are provided
in Appendix A.

3.2 ON-POLICY DISTILLATION

Given the selected teacher, the student generates responses from its current policy, and the teacher
evaluates the same student-generated prefixes. We initialize the standard-path student from θk and
sample responses y for questions x from Dq . We train the student to match the teacher’s next-token
distribution using the student-to-teacher reverse Kullback–Leibler (KL) divergence (Gu et al., 2024):

L(θ) = Ex∼Dq, y∼pold(·|x)

[
1

T

T∑
t=1

DKL(pθ,std(· | x, y<t) ∥ qk(· | x, y<t))

]
, (3)

Here, pold is the student policy used to generate the responses. The teacher remains fixed throughout
the round, and reference answers are used only for teacher selection rather than distillation. We
optimize this reverse-KL objective using the sampled-token on-policy distillation implementation
described in Appendix A. Every response prefix used for distillation is generated by the student,
allowing the teacher to provide local guidance along the trajectories encountered by the student.

3.3 ITERATIVE SELF-DISTILLATION AND EXTENSIONS

Alternating search and distillation. The two steps above can be repeated in alternation to im-
prove the model over multiple rounds. Search constructs a looped teacher from the current model,
and distillation transfers its guidance into a standard-path student. The resulting student becomes
the starting point for the next search, allowing subsequent rounds to build on what the model has
already learned. We continue this process until validation no longer identifies a useful loop or a
preset round limit is reached.

Extension: Different Prompts for Teacher and Student. So far, the teacher and student have
received the same prompt. LoOPSD also allows the teacher to receive additional instructions or in-
formation while the student retains its original prompt. We search for a repeated-layer interval using
the teacher’s prompt, then distill the resulting teacher’s predictions on student-generated prefixes.
The search procedure and distillation objective remain unchanged. In our experiments, we instruct
the teacher to reason concisely and denote this configuration by LoOPSD†.
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4 EXPERIMENTAL SETUP

Models and tasks. We evaluate Qwen3-1.7B, 4B, and 8B (Yang et al., 2025), and DeepSeek-
R1-Distill-Llama-8B (DeepSeek-AI et al., 2025); Phi-4-reasoning-plus (Abdin et al., 2025) and
Qwen3-14B provide larger-model comparisons. We evaluate mathematical reasoning on GSM8K
(Cobbe et al., 2021), SVAMP (Patel et al., 2021), and MATH-500 (Hendrycks et al., 2021; Lightman
et al., 2024), and logical reasoning on ProofWriter (Tafjord et al., 2021). We additionally evaluate
GSM8K-trained students on GSM-Plus (Li et al., 2024) as a transfer benchmark, without further
target-task training.

Data splits. For the task-specific experiments, we train a separate student for each task. For
MATH-500, training uses the PRM800K split (Lightman et al., 2024). For LoOPSD on GSM8K, we
hold out 100 training questions for validation and use the remaining 7,373 questions for distillation.
Route search uses labeled answers from a subset of 1,000 questions in this distillation pool. Refer-
ence answers are used for teacher selection, but are not provided during distillation. Test questions
are excluded from route search and checkpoint selection.

Training. We use the repeated-layer route defined in Section 3.1: a contiguous interval of pre-
trained layers is executed twice with shared weights. Each LoOPSD round trains the student for 200
updates against a frozen teacher, with at most 1,024 generated tokens per training response. We al-
low up to ten rounds, following the validation-based continuation rule in Section 3.3. For LoOPSD†,
the different-prompt extension introduced in Section 3.3, the teacher receives a concise reasoning
instruction during both route search and distillation, while the student retains its original prompt.
Appendix A provides the route-search procedure, optimization, and continuation details.

Baselines. We compare LoOPSD and LoOPSD† with the original model, Elastic Reasoning (Xu
et al., 2026), and CRISP (Sang et al., 2026). Elastic Reasoning uses GRPO with a limit on thinking
tokens during training. For CRISP, we use a concise standard-path teacher for one 200-update round
with the same distillation implementation as LoOPSD.

Evaluation. By default, we use greedy decoding with up to 400 thinking tokens followed by up
to 128 answer tokens. We report accuracy using task-specific rules to compare generated answers
with reference answers. All students use the original prompt and standard layer order. For the
budget experiments, we either obtain a separate student for each target search budget or vary only
the test-time thinking budget of a fixed student. The figure captions specify which setting is used.

5 RESULTS

5.1 IMPROVED STUDENT REASONING

Reasoning across models and tasks. To assess learning gains from looped teachers, we first com-
pare R1 (Round 1, 200 student updates) students in Table 1. At R1, LoOPSD† already outperforms
CRISP (also 200 student updates) in most evaluated settings. LoOPSD also improves the original
models in most settings. Further search-and-distillation rounds generally improve accuracy over R1.
The resulting final students (Final) surpass the original models in all evaluated pairs. Gains span
mathematical and logical reasoning and transfer to GSM-Plus without target-task training. These
results support looped-teacher supervision as a source of iterative student improvement.

Different Teacher Prompts. To evaluate the different-prompt extension in Section 3.3, we com-
pare LoOPSD with LoOPSD†, which uses a concise teacher prompt. On MATH-500 at R1, Qwen3-
4B students reach 46.00% with LoOPSD and 52.80% with LoOPSD†, versus 44.60% with CRISP;
the corresponding 8B scores are 45.00%, 54.00%, and 45.80%. At Final, LoOPSD† reaches 60.40%
and 65.80%, respectively. Concise teacher prompting thus strengthens supervision throughout this
iterative process.

Scaling to larger models. We evaluate Phi-4-reasoning-plus and Qwen3-14B on GSM8K at a
400-token thinking budget to test whether the gains extend to larger models (Table 2). The R1
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Table 1: Accuracy (%) across four models and five benchmarks, using greedy decoding with 400
thinking and 128 answer tokens. For LoOPSD variants, entries report first-round (R1) → final accu-
racy. R1 denotes the student after the first distillation round; final denotes the checkpoint obtained
by the iterative continuation procedure. GSM-Plus evaluates the corresponding GSM8K-trained
checkpoints.
Method GSM8K GSM-Plus SVAMP MATH-500 ProofWriter
Qwen3-1.7B
Original 42.30 31.70 71.33 33.20 42.50
Elastic Reasoning 46.25 30.20 73.00 34.00 45.00
CRISP 76.65 58.50 88.33 37.80 43.40
LoOPSD (R1→Final) 78.09→79.61 56.50→61.40 87.67→87.67 44.40→44.80 42.10→56.20
LoOPSD† (R1→Final) 78.32→79.68 59.30→61.80 88.67→91.67 37.20→48.20 46.80→54.10
Qwen3-4B
Original 74.98 56.40 87.33 36.00 63.30
Elastic Reasoning 75.59 58.90 89.33 37.40 67.90
CRISP 87.72 70.10 92.00 44.60 66.00
LoOPSD (R1→Final) 84.38→89.76 67.00→74.20 90.33→88.67 46.00→50.20 68.00→76.40
LoOPSD† (R1→Final) 87.04→91.13 69.00→73.20 91.33→91.33 52.80→60.40 66.20→71.50
Qwen3-8B
Original 76.04 61.00 89.33 39.00 65.40
Elastic Reasoning 76.88 61.20 91.33 39.80 70.50
CRISP 89.61 70.00 92.33 45.80 65.90
LoOPSD (R1→Final) 87.72→90.67 69.70→74.20 91.33→92.33 45.00→49.60 72.90→79.40
LoOPSD† (R1→Final) 92.49→92.49 74.30→74.30 94.00→94.00 54.00→65.80 73.10→81.60
DeepSeek-R1-Distill-Llama-8B
Original 65.05 49.00 76.67 38.60 39.20
Elastic Reasoning 73.09 53.80 87.00 42.20 51.80
CRISP 68.76 52.80 80.67 33.00 38.30
LoOPSD (R1→Final) 74.45→76.04 52.20→57.60 80.67→88.33 39.00→43.40 49.60→51.10
LoOPSD† (R1→Final) 80.89→81.65 60.20→59.50 88.67→88.67 37.20→43.40 47.80→48.90

R1→Final: first-round student accuracy → final student accuracy. Bold: best final accuracy per model and
task. †: concise teacher prompt. All students use their original prompt and standard layer order. GSM-Plus
uses the fixed 1000-question subset; other columns use task-specific training.

students of LoOPSD† reach 95.07% and 93.63%, respectively, versus CRISP’s 92.95% and 92.57%.
At Final, LoOPSD reaches 94.92% and 94.39%. These results extend the effectiveness of execution-
derived supervision to the 14B scale.

Table 2: GSM8K accuracy (%) of 14B-scale reasoning models with a 400-token thinking budget
and greedy decoding. LoOPSD entries report first-round (R1) → final accuracy. All students use
standard execution and their original prompt. LoOPSD achieves the highest final accuracy for both
model families.

Method Phi-4-reasoning-plus Qwen3-14B

Original 89.54 83.40
Elastic Reasoning 89.69 85.14
CRISP 92.95 92.57
LoOPSD (R1→Final) 91.89→94.92 90.07→94.39
LoOPSD† (R1→Final) 95.07→93.18 93.63→93.63

R1→Final: first-round student accuracy → final student accuracy. †: concise teacher prompt; all stu-
dents use the original prompt. The Qwen3-14B Elastic evaluation has a paired original score of 83.85%.

5.2 REASONING QUALITY UNDER LIMITED THINKING BUDGETS

Effectiveness across thinking budgets. Figure 3(a,b) evaluates Qwen3-1.7B and DeepSeek-R1-
Distill-Llama-8B on GSM8K across six thinking budgets. We obtain a student for each target search
budget and evaluate it at that budget. LoOPSD improves accuracy over the original model across
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Figure 3: Accuracy across thinking budgets on GSM8K. (a,b) Qwen3-1.7B and DeepSeek-R1-
Distill-Llama-8B students obtained separately for each target search budget and evaluated at that
budget. (c) Qwen3-4B students obtained with a 400-token search budget, with each checkpoint
fixed across test budgets. LoOPSD improves reasoning across a range of budgets, and fixed students
adapt to different test budgets.

a broad range of budgets, and its concise-teacher extension improves both models at every tested
budget. These results show that the benefits extend across different budgets for reasoning, rather
than being confined to one budget. Appendix D provides the full comparisons.

Adaptation to different test budgets. Figure 3(c) evaluates whether a learned student can also
accommodate budgets other than the one used for route search. We fix the Qwen3-4B students
obtained with a 400-token search budget and vary only their test budgets. The students achieve
higher or broadly comparable accuracy to the original model across the tested range, with substantial
gains at several budgets outside the search configuration. Thus, a single learned student can support
different thinking budgets without further search or training.

5.3 TOKEN EFFICIENCY OF LEARNED STUDENTS

We compare accuracy and actual generation length under a shared thinking budget to assess the
token efficiency of LoOPSD students. Figure 4 evaluates Qwen3-4B on GSM8K at a 400-token
thinking budget, measuring accuracy and generation length from the same responses.

LoOPSD produces more accurate answers with fewer generated tokens: accuracy rises from 74.98%
to 89.76%, while average total generation falls from 385.04 to 299.98 tokens. Its concise-teacher
extension further improves accuracy while shortening generation. The length breakdown in Fig-
ure 4(b) shows shorter thinking sequences alongside shorter total responses. Together, these results
show that LoOPSD students achieve higher accuracy with shorter generated responses under the
same thinking budget.

6 ANALYSIS

6.1 LABEL EFFICIENCY

We compare methods under matched labeled-data budgets to assess the label efficiency of LoOPSD.
We evaluate LoOPSD and GRPO with truncated thinking across different label budgets while match-
ing training updates. This comparison examines two ways of using labeled feedback: LoOPSD
evaluates alternative layer execution orders on a small labeled set and turns the selected teacher’s
predictions into dense token-level supervision, whereas GRPO scores multiple responses sampled
from the same model and updates it using group-relative rewards.

Specifically, we use Qwen3-1.7B on GSM8K with budgets of 200, 400, and 1100 labeled examples,
each including 100 validation examples. Both methods receive 200 training updates, and LoOPSD’s
distillation question pool remains fixed.
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Figure 4: Accuracy and generation length of different methods on GSM8K with Qwen3-4B. All
models use a 400-token thinking budget. (a) Accuracy versus average total generated tokens. (b)
Average thinking and answer lengths. LoOPSD improves accuracy while shortening generation;
LoOPSD† achieves the highest accuracy with the fewest thinking tokens.

Table 3: Label efficiency on GSM8K with Qwen3-1.7B. LoOPSD and matched-label GRPO each re-
ceive 200 updates; label totals include 100 validation examples, and LoOPSD uses a fixed question-
only distillation pool. LoOPSD already obtains most of its observed gain with 200 labels.

Total labeled examples

Method 200 400 1100

Original 42.30 (shared baseline)
Matched-label GRPO 43.90 43.52 44.05
LoOPSD 78.01 78.39 78.62

Totals include 100 validation labels. LoOPSD distills on a fixed question-only pool; GRPO
uses the matched labeled pool. Label counts and updates are matched; search compute and
unlabeled-question access differ. Answer cap: 128 tokens.

LoOPSD achieves higher accuracy at every label budget, with most of the improvement already
obtained from the smallest labeled pool (Table 3). With a fixed question-only distillation pool,
LoOPSD obtains most of its observed improvement using only a small number of labeled examples
for teacher construction.

6.2 ABLATION STUDIES

We examine two questions: whether looped teachers provide better supervision than standard-path
self-teachers, and whether iterating teacher construction and distillation yields further gains beyond
a single round.

Effect of looped teacher construction. To isolate the contribution of looped execution, we replace
LoOPSD’s looped teachers with standard-path self-teachers, keeping the prompts, distillation objec-
tive, and student-update schedule unchanged. Figure 5(a) evaluates all four methods on Qwen3-
4B/GSM8K with a 128-token thinking budget across six 200-update rounds. LoOPSD reaches
50.87% accuracy after 1,200 updates, compared with 26.38% for standard-path self-distillation. We
apply the same ablation to the different-prompt extension introduced in Section 3.3. For LoOPSD†,
we retain the concise teacher prompt and use multi-round CRISP as the standard-path control under
the same student-update schedule. LoOPSD† also outperforms this control. Across both teacher-
prompt settings, the looped-teacher variants produce stronger standard-path students than the corre-
sponding standard-path self-distillation trajectories in this experiment.

Effect of iterative LoOPSD rounds. To assess the benefit of continuing beyond one round, we
compare stopping after the first distillation round with continuing the full search-and-distillation
procedure. Along the same training run, student accuracy increases from 33.81% after the first
round to 50.87% after the sixth, a gain of 17.06 percentage points (Figure 5(a)). These results
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Figure 5: Iterative learning on GSM8K with Qwen3-4B. (a) Each round shows the looped teacher
constructed from the current model and the standard-path student obtained after distillation. We
compare LoOPSD, LoOPSD†, CRISP, and standard-path self-distillation across six 200-update
rounds, evaluated at a 128-token thinking budget. (b) First-round and final students from the re-
spective LoOPSD and LoOPSD† training trajectories, each held fixed across test budgets. Panel (a)
includes matched-update standard-path controls under both the original and concise teacher prompts,
while panel (b) shows the additional gains obtained across LoOPSD iterations.

support the iterative design of LoOPSD: repeating teacher construction and distillation improves the
standard-path student beyond what is achieved by a single round.

6.3 LAYERWISE ANSWER READOUT AFTER DISTILLATION
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Figure 6: Layerwise answer readout on
ProofWriter with Qwen3-4B under shared
contexts and a fixed output projection. Shading
marks repeated teacher execution. Student gains
concentrate in later layers.

To examine how distillation changes the stan-
dard student, we compare layerwise answer
readout using the logit lens (nostalgebraist,
2020) on identical ProofWriter contexts with
the original model’s readout head. Keeping
both the input text and readout fixed allows us
to compare the models without differences in
the thinking sequences they generate.

Figure 6 shows that readout accuracies remain
close in the early layers, while the student
gains become clear in the later layers. This im-
provement is more pronounced after the third
round than after the first, showing how late-
layer answer readout develops over succes-
sive rounds. The looped teacher reaches a
higher final readout accuracy with additional
layer executions, whereas the student obtains
its improvements within the original layer se-
quence. Notably, these changes arise with-
out directly matching intermediate representa-
tions: the distillation objective supervises only
output-layer predictions. Learning from the
looped teacher therefore also strengthens answer readout from the standard student’s intermediate
layers.
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7 CONCLUSION

We introduced LoOPSD, which searches layer execution to construct self-teachers and distills their
predictions on student-generated trajectories. By alternating search and learning, we obtain further
student gains beyond the first round. Across mathematical and logical reasoning tasks, the resulting
students improve in accuracy, while budget, generation-length, and layerwise analyses characterize
the learned changes. LoOPSD also supports different teacher prompts, as demonstrated by our
concise-teacher extension. These findings show that we can turn a model’s additional computation
into improved student capabilities, opening a new avenue for self-distillation to derive supervision
from the model’s own computation.

REPRODUCIBILITY STATEMENT

We provide the LoOPSD procedure in Section 3, including route selection, on-policy distillation, and
iterative teacher construction. Section 4 specifies the evaluated models, tasks, data splits, reasoning
budgets, baselines, and evaluation protocol. Appendix A provides optimization, generation, route-
search, continuation, and scoring details. Additional appendices provide supporting results and
analyses of teacher construction, transfer, reasoning budgets, and layerwise behavior. Test examples
are excluded from route search and checkpoint selection.

AI USE STATEMENT

In this work, we used generative AI tools to provide feedback on experimental design and method-
ology, assist with result interpretation, and support parts of the implementation. We also used gener-
ative AI tools for literature search, language editing, manuscript organization, drafting and revising
text, and creating or refining figures. We did not use generative AI tools to generate synthetic datasets
or formulate or prove mathematical claims. All AI-assisted code was reviewed and tested by the au-
thors, and AI-assisted literature suggestions, analyses, and manuscript content were checked against
the relevant code, experiments, and source literature. We take responsibility for the final content of
this work, including all text, claims, code, and artifacts produced with the aid of generative AI.
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A IMPLEMENTATION DETAILS

Optimization. Each distillation round uses 200 optimizer updates, a learning rate of 2×10−6, and
training seed 42. A batch comprises twelve questions and four responses per question. Responses are
generated with a single-stage cap of 1,024 tokens, temperature 1, and top-p 1. Teacher weights and
the selected route remain fixed throughout a round. The teacher evaluates full-softmax probabilities
of student-sampled tokens; the bounded log-probability signal and importance-weighted surrogate
are given in Equation 6. Labels are used for teacher selection; student distillation uses questions and
generated responses.

Execution and continuation. The main route family repeats a contiguous interval of pretrained
layers. Search and route validation compare the candidates at the configured thinking budget, includ-
ing the standard path. A new round starts from the updated standard student. Subsequent route-based
continuation requires a useful nonstandard route under the run’s validation rule, with a maximum of
ten rounds. The concise-teacher configuration retains its permitted initial prompt-only fallback.

Generation and scoring. Main evaluation is greedy and reserves 128 tokens for the answer stage
after the configured thinking budget. A task-specific answer cue starts the answer stage. Accuracy
is computed by the task’s deterministic local rule on the complete fixed evaluation set. Thinking,
answer, and total lengths are measured with the corresponding model tokenizer, averaged over every
evaluated example. Source identities for length comparisons bind the token counts and correctness
outcomes to the same responses.

Length evaluation. The paired Elastic accuracy–length evaluation in Figure 4 scores 76.27%; its
independent main-table evaluation scores 75.59%. Each point pairs correctness and token counts
from the same responses. Token counts describe generated length, not teacher computation or run-
time.

Candidate screening and selection. We enumerate contiguous repeated-layer intervals and retain
the standard route at every stage. We shuffle the official GSM8K training split with seed 42, assign-
ing the first 1000 questions to search and the next 100 to validation; all questions outside validation
form the distillation pool. On GSM8K, the first screening stage evaluates routes on 128 search
questions and retains the top 24 nonstandard candidates; the second evaluates the survivors on the
remaining 872 search questions and retains the top five. Both stages also retain every nonstandard
candidate tied at the cutoff. The surviving candidates and standard route are then evaluated on 100
separate validation questions, using identical prompts and token budgets. If the standard route ties
for the best validation score, it is retained. Otherwise, ties among the best nonstandard routes are
resolved by sampling from their sorted candidate identifiers with seed 42. Thus, adopting a loop re-
quires a strict validation improvement over the standard route. The concise-teacher configuration’s
initial prompt-only fallback is described above.

Sampled distillation objective. Training uses a sampled-token policy-gradient surrogate. For a
sampled token, the teacher–student log-probability difference supplies a bounded update signal:

at = clip(log qk(yt | x, y<t)− log pold(yt | x, y<t),−c, c) , (4)

ρt(θ) =
pθ,std(yt | x, y<t)

pold(yt | x, y<t)
, (5)

L̂(θ) = −
∑

x,y,t mtρt(θ) sg(at)∑
x,y,t mt

. (6)

Here, mt selects valid response tokens, and sg stops gradients. The importance ratio ρt is not
clipped. We obtain each sampled token’s probability from the full-vocabulary softmax. The training
loss uses these sampled-token scores without explicitly computing the full-vocabulary KL diver-
gence.

A positive at increases the likelihood of a sampled token that the teacher favors more than the
rollout policy; a negative value reduces it. The clipping threshold is c = 10. Before clipping, the
log-probability difference supplies the reverse-KL score-function direction at the rollout policy.
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At each training step, we sample a fresh batch of responses using the current student policy, de-
noted by pold. Each batch is used for one student update. The updated student weights are then
synchronized to the rollout workers before the next batch is generated.

B CONSTRUCTING STRONGER TEACHERS THROUGH LAYER SEARCH

We examine whether repeating layers can improve the teacher without changing its weights, and
whether this source of supervision remains useful with a concise teacher prompt. Figures 7 and 8
show first-round route-search landscapes across four model–task settings. All settings use 400 think-
ing tokens and 128 answer tokens. Each landscape evaluates all repeated-layer intervals on the same
128 search questions within its setting; a separate validation set selects the teacher.
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Figure 7: Teacher construction on GSM8K with Qwen3-1.7B and ProofWriter with Qwen3-4B, at
a 400-token thinking budget. Heatmaps show search accuracy changes in percentage points; each
panel has an independent color bar. Stars mark validation-selected nonstandard routes. Validation
selects a repeated-layer route under both prompts on ProofWriter, while retaining standard execution
under the concise prompt on GSM8K.

The maps show accuracy changes relative to the original-prompt standard model. Concise-standard
gains printed inside the lower panels identify the contribution of the prompt before any layers are
repeated. Each panel has its own red–white–blue scale, centered at zero and spanning all measured
values; negative and positive ranges are scaled separately. Thus, equal color intensity across panels
need not indicate equal accuracy changes. In the concise-prompt panels, the color includes both the
prompt contribution and any additional change from layer repetition. The axes give the first and last
repeated layers in the inclusive interval [i, j]. Stars mark nonstandard routes selected by validation;
no star is shown when the standard route is selected.

From a route landscape to a stronger teacher. Beneficial regions depend on the task and teacher
prompt. Under the original prompt, validation selects a nonstandard route in all four displayed
settings. Under concise prompting, validation selects nonstandard routes on ProofWriter, MATH-
500, and SVAMP, while retaining the standard route on GSM8K. These landscapes show why the
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repeated interval is searched for each setting, and how the procedure can retain standard execution
when repetition provides no validated advantage.
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Figure 8: Teacher construction on MATH-500 with Qwen3-8B and SVAMP with DeepSeek-R1-8B,
using the same 400-token protocol. Heatmaps show search accuracy changes; independent bars
preserve each panel’s measured range. Stars mark validation-selected nonstandard routes, which are
selected under both the original and concise prompts in these two settings.

C TRANSFER BEYOND GSM8K

We evaluate whether the improvements learned on GSM8K transfer to SVAMP (Patel et al., 2021)
and GSM-Plus (Li et al., 2024). We reuse the frozen GSM8K checkpoints from the 400-token com-
parison, including the shared 200-update CRISP checkpoint. Target-task examples are used only for
evaluation; they do not enter route search, training, or checkpoint selection. SVAMP contributes its
fixed 300-question test split, while GSM-Plus contributes a fixed 1,000-question subset of testmini.
All methods use the original math prompt, standard layer execution, greedy decoding, 400 thinking
tokens, and a separate 128-token answer budget.

LoOPSD and LoOPSD† improve over the original model on both target datasets for all four models.
On GSM-Plus, ordinary LoOPSD also exceeds CRISP in every model, by 2.9–4.8 percentage points.
The concise-teacher configuration uses fewer thinking tokens than ordinary LoOPSD in all eight
model–dataset comparisons. These results show that the learned gains extend beyond the training
benchmark to additional math problems and GSM8K perturbations.
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Table 4: Transfer of GSM8K-trained students to additional math datasets. Accuracy (%) and
mean thinking tokens at a 400-token thinking cap. All methods use standard execution, the original
prompt, and greedy decoding.

SVAMP GSM-Plus

Method Accuracy Think tokens Accuracy Think tokens

Qwen3-1.7B
Original 71.33 299.7 31.70 378.8
Elastic Reasoning 75.00 294.4 30.20 378.1
CRISP 87.67 251.8 58.50 353.5
LoOPSD 85.33 373.0 61.40 392.7
LoOPSD† 90.33 217.6 61.80 327.7

Qwen3-4B
Original 87.33 321.1 56.40 385.3
Elastic Reasoning 88.33 316.6 58.90 384.6
CRISP 92.00 258.3 70.10 343.0
LoOPSD 92.67 241.2 74.20 332.7
LoOPSD† 93.67 201.5 73.20 295.9

Qwen3-8B
Original 89.33 354.1 61.00 390.9
Elastic Reasoning 90.00 351.5 61.20 390.1
CRISP 93.67 277.1 70.00 347.0
LoOPSD 91.33 284.9 74.20 343.7
LoOPSD† 92.67 251.7 74.30 320.3

DeepSeek-R1-Distill-Llama-8B
Original 76.67 116.4 49.00 197.3
Elastic Reasoning 81.33 275.7 53.80 340.8
CRISP 78.67 135.3 52.80 253.9
LoOPSD 84.00 340.5 57.60 380.3
LoOPSD† 87.33 286.6 59.50 357.3

Bold: highest accuracy per model and dataset. †: concise teacher prompt during distillation. SVAMP uses
the fixed 300-question test split; GSM-Plus uses the fixed 1,000-question evaluation subset. Answer cap: 128
tokens. Thinking lengths are tokenizer-specific averages over every evaluated example.

D FROM INITIAL TEACHERS TO FINAL STUDENTS

We ask whether the final standard-path student catches up to the initial looped teacher found before
distillation. Figures 9 and 10 compare the original model, the initial teacher, and the final student
across six thinking budgets on GSM8K. Each budget uses its corresponding search and training
configuration. Because LoOPSD may continue for multiple rounds, this comparison does not mea-
sure one-round transfer; instead, it shows where the final student ends up relative to the teacher that
started the training process.

Filled circles denote students or original models, open triangles denote initial teachers, and vertical
segments connect each teacher with its final student.

For Qwen3-1.7B, the final LoOPSD student outperforms its initial teacher at all six budgets. For
DeepSeek-R1-Distill-Llama-8B, the final student matches or exceeds the initial teacher in most set-
tings. These results show that iterative LoOPSD can move the standard-path student beyond the
performance of the looped teacher available at the start of training.

16



Preprint

50 128 256 400 1024 2048
Thinking budget (tokens)

0

20

40

60

80

100

Ac
cu

ra
cy

 (%
)

Original CRISP LoOPSD LoOPSD†
Student / baseline Initial teacher Teacher–student pair

Figure 9: Initial teachers and final students on GSM8K with Qwen3-1.7B. Each initial teacher is con-
nected to the final student obtained from the corresponding training configuration. Final LoOPSD
students outperform their initial teachers at all six thinking budgets.
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Figure 10: Initial teachers and final students on GSM8K with DeepSeek-R1-Distill-Llama-8B. Each
initial teacher is connected to the final student obtained from the corresponding training configura-
tion. Final LoOPSD students match or exceed their initial teachers at most thinking budgets.
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E LAYERWISE GOLD-LABEL LOG PROBABILITY

We test whether the stronger intermediate-layer answer readout also reflects greater probability as-
signed to the correct answer, rather than only changes in the top-ranked label. Figure 11 measures
gold-label log probability on the same fixed ProofWriter contexts and with the same readout as
Figure 6. The fixed readout follows the logit-lens approach (nostalgebraist, 2020) and fits no layer-
specific probes, unlike the tuned lens (Belrose et al., 2023). The original model, CRISP student,
first- and third-round LoOPSD students, and third-round looped teacher share inputs, answer posi-
tions, and the original model’s final normalization and output projection. The later-layer increases
in gold-label log probability complement the accuracy gains in Figure 6, showing stronger readout
of the correct answer even when its rank does not change.
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Figure 11: Gold-label log probability across layer executions on ProofWriter with Qwen3-4B.
Higher values indicate greater probability assigned to the correct label. Shading marks repeated
teacher execution. LoOPSD students assign higher probability to the correct label in later layers.

F SENSITIVITY TO SAMPLING TEMPERATURE

We evaluate whether the improvements persist under stochastic thinking generation. For each
method, we keep the student checkpoint fixed and vary only the thinking temperature; the answer
stage uses greedy decoding. Table 5 shows that both LoOPSD variants remain above the original
model across all tested temperatures. LoOPSD† achieves the highest accuracy in seven of the eight
model–temperature settings, with LoOPSD leading in the remaining setting.

Table 5: GSM8K accuracy (%) at different thinking temperatures. We evaluate the same check-
points with a 400-token thinking budget and a 128-token answer budget, sampling one response per
question. LoOPSD improvements persist across decoding temperatures.

Qwen3-1.7B Qwen3-4B

Method 0 0.3 0.5 1.0 0 0.3 0.5 1.0

Original 42.38 42.99 41.55 41.70 74.91 73.62 75.89 73.92
Elastic 44.43 44.12 44.20 43.59 76.27 75.66 76.12 75.36
CRISP 76.65 78.17 79.23 77.26 87.64 88.40 88.02 87.57
LoOPSD 79.61 79.45 79.38 77.03 89.69 90.37 90.37 91.21
LoOPSD† 79.68 80.52 81.88 80.82 91.05 91.51 91.66 91.05
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