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ABSTRACT

Distilling the reasoning capabilities of large language models into smaller ones
remains challenging. Off-policy distillation imitates fixed teacher trajectories and
often suffers from teacher—student misalignment, leading to superficial pattern
memorization. In contrast, on-policy distillation improves alignment by relying
on student-generated solutions with teacher feedback, but struggles with explo-
ration and frequently fails on complex problems when the student cannot generate
valid solutions from scratch. To bridge this gap, we propose Student-Friendly
Distillation (SFD), a framework that synergizes off-policy teacher trajectories with
on-policy student generations. Specifically, SED performs hybrid teacher-student
generation where, starting from a teacher prefix, it switches to on-policy student
generation once the student is sufficiently confident and aligned. The timing of
this transition is governed by a dynamic hand-off criterion based on the student’s
token entropy and its negative log-likelihood of the teacher’s reasoning tokens.
After completion, the student rewrites the full solution to retain the teacher’s high-
level reasoning in its own style, yielding trajectories that preserve quality while
remaining in-distribution. Extensive experiments across six reasoning benchmarks
demonstrate that SFD consistently outperforms both off-policy distillation and the
on-policy rejection fine-tuning method, without access to teacher log probabilities,
which are costly to compute.

1 INTRODUCTION

The scaling of data and model size has significantly increased large language models (LLMs)’ reason-
ing capabilities (DeepSeek-Al et al., 2025; OpenAl, 2024; Comanici et al., 2025). However, utilizing
these massive models in real-world applications remains challenging due to their prohibitive inference
costs and high latency. Consequently, enabling small language models (SLMs) to perform robust
reasoning within a constrained computational budget has garnered significant research attention.

Distillation remains the predominant approach for compressing model capabilities (Hinton et al.,
2015; Kim and Rush, 2016; Sanh et al., 2019; Ho et al., 2023; Ko et al., 2024). Off-policy approaches
minimize the divergence between student and teacher distributions on fixed teacher-generated se-
quences (Kim and Rush, 2016; Ho et al., 2023; Hsieh et al., 2023). In contrast, on-policy approaches
involve the teacher providing feedback on student-generated trajectories or sometimes jointly gener-
ating responses to be trained (Agarwal et al., 2024; Xu et al., 2025b).

However, naively distilling reasoning traces into smaller LLMs often yields suboptimal results (Xu
et al., 2025a). The primary bottleneck is teacher-student misalignment: the teacher’s outputs fre-
quently lie outside the student’s distribution, causing the student to memorize complex responses
rather than generalizing the underlying logic. Although on-policy approaches have been proposed to
address this (Kim et al., 2025; Agarwal et al., 2024; Xu et al., 2025b), such fine-grained, token-level
collaboration with the teacher can disrupt the coherence of high-level reasoning and often faces
exploration challenges. Furthermore, relying on access to the teacher’s log-probabilities is often
computationally infeasible for large models generating long sequences and, critically, impossible for
proprietary models. These challenges motivate the development of a flexible distillation framework
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that ensures teacher-student alignment without relying on dense teacher signals, while leveraging the
high-level reasoning of the teacher.

Contribution. In this paper, we propose Student-Friendly Distillation (SFD), a distillation frame-
work that bridges the capability gap between LLMs and SLMs without sacrificing reasoning coherence.
The core idea is to leverage a dynamic hybrid generation strategy: utilizing a teacher-provided off-
policy prefix to guide high-level planning, then transitioning to student generation once the student
exhibits sufficient confidence. This is followed by a rewrite step to fully align the solution with the
student’s distribution. Our specific contributions are as follows:

1. Analysis of Student Alignment and Prefix Effects. We conduct a token-level analysis of teacher-
student alignment on reasoning datasets (§2.2). We observe that the student’s high uncertainty and
misalignment are disproportionately concentrated in the initial reasoning steps (the prefix), where
high-level planning typically occurs. We also demonstrate that providing the student with even a
short teacher prefix significantly improves its ability to generate correct solutions from scratch.

2. Prefix-based Hybrid Generation and Student Rewrite. Building on these insights, we propose
SFD, a method that synergizes off-policy teacher data with on-policy student generation. We
introduce a dynamic hand-off mechanism that monitors the student’s smoothed entropy and
negative log-likelihood (NLL) on the teacher’s response (§3.1). This allows the student to take
over generation exactly when it becomes confident, leveraging the teacher’s high-level logic while
ensuring the completion is within its own capabilities. Additionally, we employ a student rewrite
step (§3.2) to project the teacher’s reasoning path into the student’s native writing style, effectively
decoupling reasoning correctness from stylistic mimicry.

3. Superior Performance and Efficiency. Extensive experiments demonstrate that SFD consistently
outperforms standard off-policy distillation with supervised fine-tuning (SFT) and rejection fine-
tuning (RFT) baselines across diverse math and STEM benchmarks (§4.2). Crucially, SE'D achieves
these results without requiring access to the teacher’s internal states (e.g., log-probabilities) or
complex reinforcement learning RL optimization. The method remains highly efficient, relying on
standard supervised fine-tuning that converges rapidly.

2 BACKGROUND

In this section, we first establish the formal foundations of knowledge distillation and fine-tuning
in reasoning tasks (§2.1). Subsequently, we motivate our proposed approach, Student-Friendly
Distillation (SFD), by analyzing the dynamics of student uncertainty and alignment during the
generation process, demonstrating how the teacher’s initial reasoning steps (the “prefix”) serve as
critical scaffolding for the student (§2.2).

2.1 PRELIMINARIES

We operate within the context of reasoning-intensive tasks where a query ¢ requires a multi-step
rationale z to reach a final answer y. We denote the full response as = (z,y). Let mp denote the
fixed teacher policy (LLM) and 74 denote the student policy (SLM) we wish to optimize.

Supervised Fine-Tuning (SFT). Knowledge distillation in LLMs is predominantly formulated as
Supervised Fine-Tuning (SFT) on teacher-generated traces. The objective is to minimize the forward
KL divergence Dy (mg || 74), which is equivalent to maximizing the log-likelihood of the student
generating the teacher’s rationale z,cher:

Lspr(¢) = —Egup romy(-|g) 108 Tg (7 | @)] - ey

While effective for simple tasks, this objective forces the student 74 to cover the entire support of
the teacher my. When the teacher’s reasoning distribution lies outside the student’s effective support
(a phenomenon often termed “distributional shift”), this leads to mode-covering behavior where the
student mimics surface-level tokens without grasping the underlying semantic logic.

Rejection Fine-Tuning (RFT). To mitigate distribution shift, Rejection Fine-Tuning (RFT) lever-
ages the student’s own distribution (Zhang et al., 2023; Zelikman et al., 2022). For a query q, k
responses are sampled from the student: {rq,..., 7z} ~ 74(- | g). A verification oracle (e.g., ground
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(a) Entropy and NLL of the student model. (b) Pass@8 accuracy by prefix ratio.

Figure 1: (a) NLL and Uncertainty Dynamics: Token-level entropy and NLL of student
(Qwen2.5-3B) on 1k teacher traces (Qwen3—-32B). Downward trends indicate the student con-
verges toward teacher alignment (lower NLL) and higher confidence (lower entropy) as the sequence
progresses. (b) Prefix Sensitivity: Student accuracy vs. prefix ratio on MATH-SFT. A 20% prefix
yields substantial gains, followed by a plateau and a secondary performance boost at 80%.

truth) filters for correctness, yielding a set Reomect- The student is updated only on its own successful
trajectories:

Lrrr(¢) = —EreRema 10g (7 | )] - 2

While RFT ensures distribution alignment, it suffers from sample inefficiency and limited exploration,
often preventing the student from discovering complex reasoning paths needed for hard problems and
capping performance.

2.2  MOTIVATING OBSERVATION

We present empirical evidence suggesting that the primary bottleneck in student reasoning lies in the
initial planning phase, thereby motivating the prefix-based intervention incorporated into SFD (§3).

Entropy and Alignment Analysis. We analyze the token-level dynamics of a Qwen2.5-3B
student model evaluating solutions generated by a Qwen3-32B teacher. Figure 1a illustrates the
student’s entropy and negative log-likelihood (NLL) over the teacher’s tokens, smoothed via a sliding
window of 15 tokens with a stride of 5.

We observe a distinct downward trend in both NLL and entropy as the token index increases. This in-
dicates that the student’s uncertainty and misalignment are concentrated in the early prefix—typically
the phase requiring high-level planning and problem formulation. However, once this initial context is
established, the student’s confidence grows, and its alignment with the teacher improves significantly.
This suggests that while the student struggles to initiate complex reasoning strategies, it is capable of
effectively executing them when guided by a brief teacher prefix.

The Critical Role of the Prefix. To quantify the value of this prefix guidance, we evaluate the
student’s performance when conditioned on varying ratios of the teacher’s response before the student
completes the answer. As illustrated in Figure 1b, even a short teacher prefix (20%) yields an
increase in pass@8 accuracy—a metric chosen to verify whether the added context enables the
student to overcome exploration bottlenecks and recover correct reasoning paths. This suggests that a
significant portion of the teacher-student “reasoning gap” stems from the initial high-level planning
stage: minimal structural guidance enables the student to correctly execute the subsequent steps
independently. Crucially, this low-prefix regime preserves outputs that are largely student-aligned
while still benefiting from improved reasoning. In contrast, providing a heavily extended prefix (e.g.,
~80%) yields further accuracy gains but forces the completion to converge toward the teacher’s
distribution, thereby diminishing the student’s stylistic and distributional autonomy.

3 METHOD

In this paper, we propose Student-Friendly Distillation (SFD), a framework designed to bridge the
capability gap between a strong teacher and a weaker student without incurring the drawbacks of
pure off-policy or on-policy distillation. SFD consists of two phases: (/) Hybrid Teacher-Student
Generation (§3.1), which dynamically determines the optimal point to transfer control from teacher
to student, and (2) Student Rewrite (§3.2), which projects the resulting solution onto the student’s
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Figure 2: Overview of SFD. The framework operates in two phases to effectively transfer reasoning
capabilities from a large teacher to a smaller student. (Left) Hybrid Teacher-Student Generation:
The process begins with a teacher prefix that guides the generation. We dynamically monitor the
student’s alignment (NLL) and confidence (Entropy) using a sliding window. Once the student
demonstrates sufficient competence (low NLL or low Entropy), control is handed off to the student to
complete the reasoning path, resulting in a hybrid trajectory 7pypriq. (Right) Student Rewrite: To
mitigate distributional shift, the student rewrites the hybrid trajectory into its own natural language
distribution (7). This projects the correct reasoning logic onto the student’s native manifold before
supervised fine-tuning.
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native manifold. An overview of our method is illustrated in Figure 2, and the full algorithm is
presented in Algorithm 1 in Appendix C.

3.1 HYBRID TEACHER-STUDENT GENERATION

While the teacher’s prefix provides a critical signal for high-level reasoning, determining the optimal
prefix length involves a delicate trade-off: a prefix that is too short may fail to guide the student,
whereas one that is too long exacerbates teacher-student misalignment. To address this, we introduce
a dynamic hand-off strategy governed by two distinct signals: Misalignment (how surprising the
teacher’s token is to the student) and Uncertainty (how unsure the student is of its own prediction).

Letr* = (tl, ..
1, we compute:

., tr) be the teacher’s reference solution (off-policy data) for a query g. At each step

1. Misalignment (£;): The negative log-likelihood (NLL) of the teacher’s token under the student
model: £; = —logmy(t; | q,t<s).
2. Uncertainty (7;): The entropy of the student’s next-token distribution: H; = Hmy (- | ¢,t<;)].

To ensure robustness against token-level noise, we apply a sliding window average S(-) of size W
over these metrics. The student is considered competent to take over generation at step ¢ if it exhibits
either high alignment (low NLL) or high confidence (low entropy):

Ready(i) = I[S(L;) < Talign} VI[S(H;i) < Teont)- 3)

Crucially, the condition S(H;) < Teonf permits the student to assume control even if it diverges from
the teacher, provided the student is sufficiently confident in its own reasoning path.

We define the optimal cut-off point k as the start of the first sustained sequence of valid states of
length P:

k = min{t | Vj € [t,t + P],Ready(j) = 1}. 4)
This prevents handing off to the student due to a transient spike in log probability or low entropy.
Using this adaptive k, we generate a hybrid response rypriq:

Thybrid = 715 © Sample(mg (- | 2, 71.4))- ®)

Note that we sample N responses per prefix. This hybrid generation ensures that the teacher guides
the student through high-uncertainty regions (the “hard parts”) and releases control once the student
enters its zone of competence. We then select the one correct response to finalize the 7yyig-
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3.2 STUDENT REWRITE

While ryybrig represents a valid reasoning path, it is a composite sequence. The prefix rf‘l:k] originates
from the teacher’s distribution, which may contain stylistic or vocabulary choices that are out-of-
distribution for the student. Training directly on 7hyhrig can, therefore, destabilize the student’s
language model.

To address this, we treat Tyuig not as a ground-truth target, but as a semantic scaffold. We employ a
rewrite step to translate this hybrid solution into the student’s native distribution. Specifically, we
sample IV rewritten solutions from the student conditioned on the scaffold:

Trw ~ o (- | ¢, context = Thypria), ©)

where the resulting 7S are then each verified against the ground-truth oracle, retaining only correct
trajectories, denoted as rn,. These ray, are accumulated to form the final supervised fine-tuning
dataset by pairing them with the query g. This process projects the teacher’s correct reasoning onto the
student’s native generation manifold, preserving logical correctness while avoiding stylistic mimicry.
Prompts for rewriting are provided in Appendix B, and full hyperparameters for SED are detailed in
Appendix D.1.

3.3 INTERPRETATION OF SFD

SFD decouples reasoning exploration from distributional alignment. Ideally, we maximize the
student 7,’s likelihood over the set of semantically correct chains R*: maxy log [ . 7 (7 | q)dr.

Standard SFT approximates this with a single 7* € R*, causing high-variance gradients if (%) ~ 0
(the “out-of-support” problem).

Phase 1: Entropy Reduction via Hybrid Generation. We decompose entropy at split point k:

Hoy (r) = Ho, (r<p) + Hey (r>k | 7<k) ™
—_—— —-— —_——
Prefix Entropy Suffix Entropy

Failures primarily stem from Prefix Entropy (planning uncertainty). Substituting the teacher’s prefix
1%, collapses this term to zero. Sampling from the resulting low-entropy distribution 7y (- | ¢,7% ;)
allows exploring R* without the initial planning bottleneck.

Phase 2: Manifold Projection via Rewrite. Valid hybrid responses (7hypig € R*) may retain
divergent teacher artifacts. Defining the student’s effective manifold as My = {r : m(r | q) > €},
the rewrite step P, projects the solution into the student’s distribution:
Tfinal & arg min Dgp, (6, || 74 (- | ¢)) ®)
reER*

Training on 74y, ensures logical correctness (r € R*) within native support (M), minimizing the
distributional shift found in SFT.

4 EXPERIMENTS

We evaluate the efficacy of SFD guided by the following research questions:

RQ1: Performance Efficacy: How does SFD compare with standard off-policy SFT and on-policy
self-distillation (RFT) on reasoning benchmarks?

RQ2: Component Analysis: How do the Hybrid Generation and Student Rewrite phases individually
contribute to reasoning accuracy and student alignment?

RQ3: Mechanism Validity: Is the proposed dynamic hand-off mechanism—based on student
confidence and alignment—more effective than static or heuristic-based prefix selection
strategies?

4.1 EXPERIMENTAL SETTINGS

Datasets. We utilize the MATH-SFT dataset from Huan et al. (2025), which aggregates queries
from the MATH benchmark (Hendrycks et al., 2021) and DeepScaler (Luo et al., 2025). The dataset
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Table 1: Average accuracy (%) and standard deviation on mathematical reasoning benchmarks using
Qwen?2.5-3B,Qwen2.5-1.5B,and Llama3.2-3B. We compare Zero-shot CoT, RFT, SFT, and
our proposed method SFD across MATH500, AIME (2024, 2025), AMC23, GPQA-Diamond, and
Minerva. Rows corresponding to SFD are highlighted in blue, and the best scores are bolded.

Model | Method | MATH500 AIME2024 AIME2025 AMC23  GPQA-Diamond Minerva | Average
CoT 59.00+1.06 4.5845.62 0.4241 18 27.5049.89 25.8819.35 14.8949.17 | 22.0440.45

Qwen2.5-3B RFT 61951085  5.004252 1.0010.00  34.3812.39 28.0312.20 16.2741.05 | 24441068
: SFT 53.7542.41 3.7542.14 2.084248  31.8844.07 26.2742.67 15.2641.71 | 22.1641.17

SFD 62.101 147 7.92. 3,5 3.75214 35.62_575 30.56+2.99 16.45.79 26.07 1180

CoT 38.2512 32 0.8341.54 0.8341.54 15.6211 .95 25.2519.06 6.8912.00 14.6119.60

Qwen2.5-1.5B RFT 46.3510.93  2.5043.88 0421118  26.881554 22.8541 .12 5.524127 | 174241 65
’ ’ SFT 40.6541.38  0.831154 0.834154  18.124315 26.641162 9.1041.32 | 16.0310.55

SFD 47.40 943 2.92 33 1.67 125 21.2514.33 26.2641.65 9.74 1.6 18.21.129

CoT 34.951034 2.50+2.06 0.00£0.00  20.00+3.54 27.7842.37 8.9910.88 | 15.70+0.50

Llama3.2-38 | RET 42.8041.100 4171206 0424118 19384239 21.9040.21 13141541 | 16.9710.87
. SFT 42.0042.01  2.0812.4s 0424118 19.381315 29.29.330 9.6541.18 | 17.1441 .01

SFD 46.25_1 68 5.8314.96 0.8311.54 2812427 27.4042.31 11.0342.38 1991114

provides teacher trajectories generated by Qwen3—-32B (Yang et al., 2025), containing both reasoning
traces and final answers. For computational efficiency, we sample the first 1,000 instances from the
40k dataset for training.

For evaluation, we employ a diverse suite of reasoning benchmarks: MATH500 (Hendrycks et al.,
2021), AIME 2024 & 2025 (Art of Problem Solving, 2025), AMC 23 (MAA, 2023), and Min-
erva Lewkowycz et al. (2022) for mathematical reasoning, as well as GPQA-Diamond (Rein et al.,
2024) for broader STEM capabilities. To ensure statistical robustness, we report the average accuracy
over multiple independent inference runs: § runs for AIME and 4 runs for the others.

Models. We employ Qwen3-32B (Yang et al., 2025) as the fixed teacher model. For student
models, we primarily use Qwen2 .5-3B (Yang et al., 2024a), since the newer Qwen3 series has
undergone extensive mid-training on similar mathematical data, which could confound distillation
gains. We additionally include Qwen2.5-1. 5B to study the effect of model scale, and we eval-
uate L1ama3.2-3B (Dubey et al., 2024) to assess cross-family generalizability. All models are
instruction-tuned variants, but we omit this designation in the model names for brevity.

Implementation. Training is performed using the trl library. We fine-tune the models for 5
epochs with a learning rate of 5e—6, a weight decay of 1e—4, and a global batch size of 32, utilizing
4 NVIDIA H100 GPUs. Training takes less than an hour. Inference is conducted via vVLLM (Kwon
et al., 2023) with a temperature of 1.0 and top-p of 0.95 to facilitate exploration during evaluation
with multiple repetitions. Detailed prompts and hyperparameter configurations are provided in
Appendices B and D.2.

Baselines. For the baselines, we compare SFD with zero-shot Chain-of-Thought prompting (Wei
et al., 2022) using the original models (CoT), naive supervised fine-tuning with teacher-generated
responses (SFT), rejection fine-tuning with 8 responses sampled per query (RFT). We exclude logit-
based distillation methods (e.g., GKD (Agarwal et al., 2024), SKD (Xu et al., 2025b)) as they are
computationally infeasible with the Qwen3—-32B teacher due to the prohibitive cost of computing
teacher log-probabilities for every student token.

4.2 MAIN RESULTS

Table 1 compares SFD with baselines across three student architectures. SFD consistently outperforms
the strongest baseline (RFT or SFT) on all benchmarks, improving average accuracy by approximately
2% on Qwen2.5-3B and L1ama3.2-3B, and 1% on Qwen2.5-1. 5B. These gains are notable
given that the models are already highly instruction-tuned.

Standard SFT yields marginal gains for the Qwen series due to student—teacher distributional diver-
gence, though it aids L1ama given its lower base performance. While RFT improves over zero-shot
CoT via on-policy training, it lacks external exploration. In contrast, SFD delivers a consistent ~ 2%
improvement by leveraging the teacher’s high-level reasoning for exploration while ensuring final
solutions remain aligned with the student’s distribution.
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Question : In the central cell of a 21 x 21 board, there is a piece. In one move, the piece can be moved to an adjacent cell

sharing a side. Alina made 10 moves. How many different cells can the piece end up in?
<Meaning of Highlights>

Teacher’s Response Key Reasoning for Success Key Reasoning for Failure

23.9% of the response
To determine (...)**within a Manhattan distance of 10** from the center. (...) between two points (x_1, (...) and the parity condition
is satisfied, the total number of **distinct cells** the piece can end up in after 10 moves is: (boxed{121}'

Correct
Student’s Response

1st Try : To solve the problem, we need to (...) This means the piece can end up anywhere within a 21-cell radius from the center
(...) different cells the piece can end up in is: [21 x 21 = 441] The final answer is: |boxed{441}
Wrong!

8th Try : To determine (...) This means the piece can be at any cell (x, y) where (1<x<21)and (1< y < 21).
(...) cells on the board. Thus, the number of different cells the piece can end up in is {boxed{441}|
Wrong!

Hybrid Response
Teachers Prefix

To determine (...)**within a Manhattan distance of 10** from the center. (...) between two points (x_1,y_1) and (x_2, y_2) on the grid

Student’s Completion —_—

is (...) Therefore, Alina can end up in **121 different cells** after making 10 moves. Thus, the answer is: fboxed{1z1}|

. Correct
[ LGS T E)Final Traning Data

To determine the number (...) 3. **Manhattan Distance**: After 10 moves, the piece can be at any cell that is within a Manhattan
distance of 10 from the center. (...) Conclusion: Alina can end up in (boxed{121}£lifferent cells after making 10 moves.
Correct

Figure 3: Qualitative example of SFD-generated training data: the base student fails all 8 attempts,
but a short teacher prefix (23.9%, selected via entropy-based truncation) primes the correct distance
metric and enables success. The student rewrite step then removes teacher artifacts and rewrites the
trajectory in the student’s style while preserving correctness.

2.00- —— Qwen2.5-38 O RFT SFD  --o- Prefix Len —§ 038 - 0158 —d— L-3B
— Qwen2.5-1.5B 6000- [Q-3B: r=0.17 | Q-1.5B: r=0.17 | L-3B: r=0.15

—— Llama-3.2-3B
1.00-

0 50 100 150 000 020 040 o060 080 1.00
Token Index 0°Q2.5-3B Q2.5-1.5B L3.2-3B * Difficulty (1 - Student Accuracy)

20 0.40-

NLL

4000 [NOR-------- S —

refix Ratio

0.20-
I

2000~

Prefix Len
P
o
8

# Correct

(a) Teacher-student alignment  (b) Statistics of the generated data. (c) Prefix ratio by difficulty.

Figure 4: (a) Smoothed NLL loss by token index for Qwen2.5-3B, Qwen2.5-1.5B, and
Llama3-3B on teacher traces (as in Figure la). Llama3-3B exhibits the poorest alignment
because the teacher is from the Qwen model series. (b) Statistics of data generated using SFD. “#
Correct” denotes the number of correct responses over 1000 samples, compared with self-generation
during RFT. The right y-axis shows the average prefix length used by SFD for each model, which
centers around 16%. (c) Prefix ratio relative to question difficulty. Difficulty is defined as the accuracy
of each question when sampled 8 times ( denotes correlation). The selected prefix length shows a
slight correlation with the student’s question difficulty.

SFD shows significant gains on challenging AIME benchmarks, surpassing RFT by 2.92% on
Qwen2.5-3B. This suggests SED provides high-quality solutions within the student’s capabil-
ity range. Gains on the 1.5B model are smaller (0.84%) likely due to weaker rewriting abilities.
Improvements also extend to broader STEM performance (GPQA-Diamond).

Finally, SFD is highly effective for L1ama3.2-3B despite significant teacher—student misalignment
(Figure 4a), achieving over 10% absolute improvement against zero-shot CoT. This confirms SFD
successfully transforms high-level teacher reasoning into student-friendly distillation data. Qualitative
examples are provided in Appendix E.2.

4.3  ANALYSIS

Data Statistics. Figure 4b summarizes statistics for SF'D (8 samples per 1k queries). Compared to
RFT, SFD increases the number of correct responses by 0.5k—2k, demonstrating that the teacher prefix
effectively boosts reasoning. The average prefix ratios remain low: 16.56% (Qwen?2 . 5-3B), 16.16%
(Qwen2.5-1.5B), and 14.56% (L1lama3.2-3B). This confirms that SFD leverages high-level
teacher guidance while largely preserving the student’s intrinsic behavior.
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Figure 5: Ablation studies on MATHS500, AIME2024, GPQA, AMC23, and Minerva. (a)
Component Analysis: Both hybrid teacher-student generation and student rewrite are essential;
removing either leads to a performance drop across all benchmarks. (b) Prefix Selection: Comparison
of our uncertainty/NLL-based method against fixed (20%) and random (10%—-50%) lengths. While
SFD performs best, fixed/random baselines are competitive due to comparable average prefix lengths
(20%—-25% vs. SFD’s 16.56%).

Figure 4c analyzes prefix usage by difficulty. We observe a weak positive correlation where students
use slightly more prefix for harder questions. However, ratios remain low even for difficult queries.
This behavior is desirable, as it ensures the student benefits from guidance without over-relying on
the teacher or drifting off-manifold.

Sample Analysis. Figure 3 illustrates a distillation example from SFD where the base student
fails in all eight attempts due to an incorrect geometric assumption, treating the reachable region
as an axis-aligned square rather than respecting the diamond-shaped Manhattan-distance constraint.
Injecting the first 23.9% of the teacher’s response—selected via entropy analysis—primes the student
with the correct metric and framing, enabling it to recover the correct reasoning trajectory and reach
the correct answer. Although the teacher prefix introduces stylistic artifacts outside the student’s
distribution, the Student Rewrite step maps the mixed trajectory back to the student’s style, explicitly
incorporating the Manhattan-distance constraint and producing higher-quality, well-aligned training
data. More sample analyses with different models are available in Appendix E.

4.4 ABLATION STUDIES

We perform ablations using Qwen2 . 5-3B to isolate SFD design choices.

Ablation on Each Component. Figure 5a compares Hybrid Generation (No Rewrite) and Student
Rewrite (No Prefix). While both variants outperform SFT, removing either lowers performance.
Notably, removing the prefix causes a larger drop (generally > 1%), as rewriting alone cannot
fully match the student distribution. No Rewrite fares slightly better since generation remains
student-driven. Full SFD yields the best performance, confirming the synergy of both components.

Ablation on Prefix Selection. Figure 5b compares our dynamic strategy (entropy/NLL) against
fixed (ratio 0.2) and random (uniform 0.1-0.5) selection. The dynamic approach consistently
outperforms these heuristics, which fail to adapt to query complexity or introduce misalignment. By
detecting student confidence, SFD maximizes teacher utility while minimizing out-of-distribution
exposure. While fixed and random remain competitive, the dynamic mechanism eliminates manual
tuning, offering superior generalizability across models and tasks.

5 CONCLUSION

In this work, we introduce Student-Friendly Distillation (SFD), a distillation framework that syner-
gizes off-policy guidance with on-policy exploration. Specifically, SFD employs a dynamic hand-off
mechanism that uses teacher prefixes to scaffold high-level reasoning before transitioning to stu-
dent generation, followed by a rewrite step to ensure robust alignment. This approach produces
distillation data that remains within the student’s manifold while leveraging higher-level reasoning.
Extensive experiments demonstrate that SED consistently outperforms standard off-policy distillation
and rejection fine-tuning across diverse benchmarks without requiring prohibitive access to teacher
log-probabilities, establishing an efficient new standard for reasoning distillation.
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A RELATED WORK

A.1 LLM REASONING

Chain-of-thought (CoT) reasoning allows LLMs to tackle complex tasks by generating intermediate
logical steps (Wei et al., 2022; Kojima et al., 2022), a capability often enhanced through supervised
fine-tuning (Ho et al., 2023; Hsieh et al., 2023) or preference learning (Zhang et al., 2024). While
recent ‘“Large Reasoning Models” (LRMs) achieve state-of-the-art performance via extensive test-
time search and backtracking (often termed Long-CoT) (OpenAl, 2024; DeepSeek-Al et al., 2025;
Yeo et al., 2025), these trajectories are often excessively long and complex. We therefore focus on
distilling standard instruct-tuned models, as LRM paths typically lie outside the student’s effective
support, making direct distillation inefficient.

A.2 KNOWLEDGE DISTILLATION

Knowledge distillation (KD) compresses capabilities by training student models to mimic a
teacher (Hinton et al., 2015). Off-policy methods minimize divergence on fixed teacher trajec-
tories (Kim and Rush, 2016; Sanh et al., 2019; Ho et al., 2023; Hsieh et al., 2023; Li et al., 2022).
Recent work has also explored teacher selection metrics (Panigrahi et al., 2025) or curricula for
transferring complex reasoning (Yang et al., 2024b; Jiang et al., 2025). However, these approaches
often suffer from severe distribution mismatch, where the student memorizes the teacher’s tokens
without internalizing the underlying logic (Agarwal et al., 2024).

To mitigate this, on-policy methods train the student on its own generations, using teacher feedback
on student trajectories or on mixtures of teacher and student-generated trajectories (Agarwal et al.,
2024; Ko et al., 2024; Xu et al., 2025b; Kim et al., 2025; Ko et al., 2025). Cetin et al. (2025) further
proposes training the teacher for alignment. However, these methods typically require computationally
expensive teacher log-probabilities and struggle with exploration when the student fails to generate
valid initial paths.

Recent related RL lines of work combine RL with SFT (Ma et al., 2025; Liu et al., 2025a) and
sometimes use demonstration prefixes (Liu et al., 2025b; Huang et al., 2025) to mitigate this issue.
Nevertheless, these approaches typically rely on a static hand-off between off-policy and on-policy
stages and require more compute-intensive, longer on-policy RL training, without addressing stylistic
issues. Our framework addresses these limitations by combining teacher prefixes (to facilitate
exploration) with student rewriting (to reduce misalignment), enabling robust alignment without
requiring teacher log-probabilities and without constraining teacher selection.

B EXPERIMENT PROMPTS

B.1 PROMPT FOR GENERATION (INCLUDING EVALUATION)

( System Prompt h
You are a helpful assistant.

\ J/
" User Prompt )
Here is the given reasoning problem. Provide the reasoning first and then the answer. Your

final answer should be in \boxed{answer} format at the end of your response.:
{question}
\. J
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B.2 STUDENT REWRITE PROMPT

( System Prompt h
You are a helpful assistant.

. J

" User Prompt h

You are a helpful assistant.
Problem:

{question}
Here is a reference reasoning path that leads to the correct answer:

<reference>
{reference}
</reference>

Task: Solve the problem above using your own words. Use the logic in the reference to guide
you, but do not “blindly copy the style and content” of the reference. Ensure the reasoning is
complete and the final answer is correct.

Put your final answer within \boxed{answer}.

C ALGORITHM

We provide the detailed pseudocode for Student-Friendly Distillation (SFD) in Algorithm 1. This
formulation explicitly details the sliding window smoothing for misalignment and uncertainty metrics,
the fallback mechanism for cases where hybrid generation fails, and the final rewrite process used to
construct the SFT dataset.
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Algorithm 1: Student-Friendly Distillation (SFD)

1: Input: Off-Policy Dataset D = {(q, r*,y*)}, Student 7,, Smoothing Window W, Stability
Horizon P, Thresholds Taign, Tcon, The Number of Samples NV

2: Initialize: Dgpr < 0

3:

4: for each (q,r*,y*) € D do

5. // Step 1: Teacher Guidance & Dynamic Hand-off

6: LCtT*:(tl,...,tT)

7

8

Compute token metrics for ¢ € [1,T7]:
: L+ —logms(ti | q,t<s)
9: Hi < Hmy(- | ¢, t<i)]

10: ~ Compute smoothed metrics over window W:
11: S(ﬁ), — %Z;:Z;WJH ,Cj
)
12: SH)i « w Z;:FWH H;
13:

14:  Define stability indicator 6;:
15: (51‘ «~—1I (S(ﬁ)l < Talign V S(H)z < Tconf)
16:  Determine cut-off index k:

17 k< min {t € [, T] | T[T s = 1}
18:  Set teacher prefix p < (t1,...,tx)
19:

20:  // Step 2: Hybrid Teacher-Student Generation
21: Riybria < 0
22: forn=1to N do

23: Sample Completion s,, ~ my (- | ¢,p)
24: Form candidate r¢yng < p B sp,

25: if Verify(rcand, y*) then

26: Rhybrid — Rhybrid U {Tcand}

27: end if

28:  end for

29:

30:  // Step 3: Scaffold Selection (Fallback Logic)
31: if Rhybrid =+ () then

32: Cycaffold — RandomSelect(Ruybria)

33:  else

34: Cseaffold — 7+ {Fallback: use original teacher trace}
35:  endif

36:

37:  // Step 4: Student Rewrite (Manifold Projection)
38:  Reina < 0
39: forn=1to N do

40: Tow ~ T (- | ¢, context = Cgcafold)
41: if Verify(r.y, y*) then

42: Reinal = Reinal U {7rw }

43: end if

44:  end for

45:  {Data Accumulation: Add all valid rewrites}
46: for all 74, € Reina do

47: Dger < Dser U {(¢, Tfinal) }
48:  end for
49: end for
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Table 2: Hyperparameters used in SFD. The parameters are categorized into Stability Detection
(determining the optimal hand-off point k) and Generation (both completion and rewrite).

Category Parameter Value Description
Window Size (W) 15 Size of the sliding window for metric smoothing.
Stability Horizon (P) 2 Minimum consecutive tokens required for stability.
Stability Detection  Stride (S) 5 Step size for the sliding window calculation.

Alignment Threshold (Tuiign) 0.7 Maximum allowed smoothed NLL ([71-)._
Confidence Threshold (7conf) 0.6 Maximum allowed smoothed Entropy (h;).

Sample Count (V) 8 Number of suffix/rewrite candidates sampled per input.
. Temperature (1) 0.8 Sampling temperature for exploration.
Generation . o
Top-p 0.8 Nucleus sampling probability mass.
Max Tokens 16384  Maximum generation length for suffixes.

Table 3: Hyperparameters for the Training (SFT) and Evaluation phases.

Category Parameter Value Description

Optimizer AdamW  Standard optimizer for LLM training.

Learning Rate 5e—6 Peak learning rate with cosine decay schedule.

Batch Size 32 Effective batch size (including gradient accumulation).
Training (SFT) Epochs 5 Number of passes over the full dataset.

Weight Decay le—4 Regularization term applied to weights.

Warmup Ratio 0.1 Percentage of steps used for linear learning rate warmup.

Max Sequence Length 32768 Maximum context length during training.

Repetitions (V) 4or8 The number of generations per prompt for robustness.
Evaluation Temperature (17) 1.0 Sampling temperature for evaluation.

Top-p 0.95 Nucleus sampling probability mass.

Max Tokens 16384 Maximum generation length for evaluation.

D IMPLEMENTATION DETAILS

D.1 HYPERPARAMETERS OF SFD

We detail the hyperparameters used for the dynamic hand-off mechanism and the student generation
phases of SFD in Table 2. These parameters control the sensitivity of the teacher-student hand-off
and the diversity of the candidate generation.

Parameter Roles. Below, we provide the intuition behind the key hyperparameters in SFD:

* Window Size (1) & Stride: To mitigate token-level volatility in the student’s likelihood estimates,
we apply a moving average filter. A window size of W = 15 ensures that short-term spikes in
perplexity (e.g., due to a single difficult token) do not prematurely trigger or prevent a hand-off.
We use a stride of 5 to evaluate stability at regular intervals, which reduces computational overhead
while sufficiently capturing the local trend.

* Stability Horizon (P): The horizon P enforces a robustness constraint. The student must satisfy
the stability criteria (0; = 1) for P consecutive steps before the hand-off is finalized. This prevents
the algorithm from handing off control during a transient dip in entropy that does not reflect true
model confidence.

* Thresholds (Talign, Tconf): These thresholds determine the strictness of the hand-off.

— Talign bounds the negative log-likelihood, ensuring the student’s distribution is not diverging
significantly from the teacher’s path.

— Teont bounds the entropy, ensuring the student is “certain” about its next token prediction.
* Sample Count (N): This parameter balances the trade-off between computational cost and
coverage of the solution manifold. We set N = § for both the Hybrid Sampling and Student Rewrite

phases to ensure a sufficiently diverse set of candidates (Rpypria and Rpnar) for the verification
oracle.
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Hyperparameter Selection (Adaptive Thresholding). To ensure robustness across different
queries and model checkpoints, we employ an adaptive thresholding strategy. While we establish
fixed upper bounds (listed in Table 2) to serve as safety caps, the effective threshold for each instance
is determined dynamically. Specifically, we calculate the 15th percentile of the observed NLL and
entropy values across the current batch and set the operating threshold as the minimum of the fixed
value and this relative quantile: 7 = min(7gxed, 7159 ). This ensures that the hand-off requires the
student to be in its locally optimal confidence zone (relative to the current context) while maintaining
a hard ceiling to prevent hand-offs in uniformly high-uncertainty scenarios. We set P to 2 so that a
single rapid decrease in entropy or NLL does not lead to a hand-off.

D.2 HYPERPARAMETERS FOR TRAINING AND EVALUATION

We provide the general settings used for training and the evaluation generation setup in Table 3. For
off-policy distillation (SFT in our baseline), we use a different learning rate of 1e—5 and train for
8 epochs, as this setting requires more training due to distributional mismatch and slower learning
speed.

E MORE EXAMPLES

We add additional examples of generated data, along with some qualitative analysis of trained models
using ours and off-policy data.

E.1 EXAMPLES OF GENERATED DISTILLATION DATA

The following examples show data generated by SFD on Qwen2.5-1.5B and L1lama3.2-3B,
alongside the student response and the teacher response. Reasoning associated with successful
outcomes is highlighted in green, whereas reasoning associated with failures is highlighted in red.
As observed, the prefix plays a key role in helping the student complete the correct answer, and it
also encourages students to produce more content, making the final response more aligned with the
student response.

Example generated data using SFD on Qwen2.5-1.5B

Question. Given that ABC' — A; B1 (] is a right prism with ZBAC = 90°, points D; and
Fy are the midpoints of A1 By and B, C1, respectively. If AB = CA = AA;, find the cosine
of the angle between BD; and C'F}.

Teacher Response. To solve the problem, we analyze the geometry of the right prism
ABC — A1 B,Cy,

Since AB = CA =1and ZBAC = 90°, place: - B = (1,0,0) - C = (0, 1,0)
Since the prism is right and AA; = 1, the top face is: - A; = (0,0, 1)
Cy = (0,1,1)

Let D; and F be the midpoints of A; By and B;C1, respectively. Their coordinates are:
1 11
Di={=,0,1 Fr=(==1
1 ( 2 ’ 0’ ) ’ 1 (2 ’ 2 ’ )

Using these points, we form the vectors BD; and CFy, compute their dot product and
magnitudes, and apply the cosine formula:

_ BD,-Ch
[BD,| |CF
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After simplification, we obtain:

B

10

Student Response. To find the cosine of the angle between BD; and C'F;, we analyze
the given right prism ABC — A; B1Cy with ZBAC = 90° and AB = CA = AA;. Then
AABC is an isosceles right triangle, and AA; is perpendicular to the base.

Place the prism in a coordinate system as follows: A = (0,0,0), B = (a,0,0), C = (0, a,0),
A1 =(0,0,h), By = (a,0,h),Cy = (0,a, h), where h = a.

The coordinates of the midpoints are:

a h
Dy =1-=,0,—=
1 (27072>
F=(oeh
2°2°2

Using these points, we compute the vectors BD; and C'F1, evaluate their dot product and
magnitudes, and obtain:

Since h = a, we conclude:

Hybrid Response. To solve the problem, we analyze the geometry of the right prism
ABC — A1 B1Ch,

Since AB = CA = 1and ZBAC = 90°, place: - B =(1,0,0) - C = (0,1
Since the prism is right and AA; = 1, the top face is: - A; = (0,

(1,0,| Cutoff Point |1) - C; = (0,1,1)

Step 2: Determine Coordinates of Midpoints. D1, being the midpoint of Ay By, is

Conclusion: the cosine of the angle between BD; and C'F} is:

30
10

Rewritten Response. Given a right prism ABC — A; B,C; with AB = CA = 1 and
/BAC = 90°, let Dy and F} be the midpoints of A; B; and B;C, respectively. We aim to
find the cosine of the angle between BDl and C_Fl.

Place the prism in a coordinate system by setting A = (0,0,0), B = (1,0,0), C = (0, 1,0),
and A; = (0,0,1), By = (1,0,1), C; = (0,1,1). Then

Di=(101),  F=(1).

18



Published as a workshop paper at the 1st Workshop on Scaling Post-training for LLMs, ICLR 2026

From this, the vectors Bbl and Cﬁ‘l can be formed, and their dot product and magnitudes
computed. Applying the cosine formula,

. BD,-CF, |30
|BD,||CFy| [ 10 |

Example generated data using SFD on L1ama3.2-3B

Question. Two nonhorizontal, nonvertical lines in the xy-coordinate plane intersect to form a
45° angle. One line has slope equal to 6 times the slope of the other line. What is the greatest
possible value of the product of the slopes of the two lines?

Teacher Response. To solve the problem, we are given two non-horizontal and non-vertical
lines in the zy-plane that intersect at a 45° angle. One line has a slope that is six times the
slope of the other. Our goal is to find the greatest possible value of the product of the two
slopes.

Since the lines form a 45° angle, we can use the fact that the tangent of the angle between
two lines is equal to the absolute value of the difference of their slopes divided by the product

of their slopes. This gives us the equation| tan 45°| = Iz;gz} .

‘ 6m —m 4

é e —
1+m-6m
Simplify the expression:

5m
‘ 1+6m2|
This gives two cases:
1 iy =12 22 =1

Thus, the greatest possible value of the product is:
3
2

Student Response. To find the greatest possible value of the product of the slopes of the two
lines, let’s consider the given information. We have two nonhorizontal, nonvertical lines that
intersect to form a 45° angle. The slope of one line is 6 times the slope of the other line.
Let’s denote the slope of the smaller line as m. Then, the slope of the larger line is 6m. We
want to maximize the product of these slopes, which is m x 6m = 6m?.

Since the lines form a 45° angle, we can use the fact that the tangent of the angle between
two lines is equal to the absolute value of the difference of their slopes divided by the product

of their slopes. This gives us the equation | tan 45°| = m;gm :

[5m|
6]m?2["

Simplifying, we get 1 =

25
I

Hybrid Response. To solve the problem, we are given two non-horizontal and non-vertical

Therefore, the greatest possible value of the product of the slopes of the two lines is
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lines in the xy-plane that intersect at a 45° angle. One line has a slope that is six times the
slope of the other. Our goal is to find the greatest possible value of the product of the two
slopes.

Let the slopes of the two lines be m and 6m. The tangent of the angle 6 between two lines
with slopes m; and my is given by:

tanf — |2 T
1+ mimse
Given that the angle is 45°, we have:
6m —
tan(45°) =1 = |—— " |1
1+m-6m
Simplify the expression:
5m B
14+ 6m2|
This gives two cases:
5 _ 5 _
l e =12. 2552 =1

STEP 2: SOLVE THE CASES
Case 1:

om
1+ 6m?
We can use the quadratic formula to solve for m:

m_5j:\/25—24_5j:1
B 12 12

=1l=5m=146m’>=6m>—5m+1=0

Comparing the results, we see that the greatest possible value of the product of the slopes is
3/2.

DN W

Rewritten Response.

STEP 1: UNDERSTAND THE PROBLEM

We are given two non-horizontal, non-vertical lines that intersect at a 45° angle. One line has
a slope that is six times the slope of the other line. We want to find the greatest possible value
of the product of the slopes of the two lines.

STEP 3: APPLY THE ANGLE BETWEEN TWO LINES FORMULA
The tangent of the angle between two lines with slopes m; and ms is given by tanf =

Mo —1Mq
14+mimeo

. Since the angle between the lines is 45°, we have tan(45°) = 1, and the equation

6m—m
1+m-6m

=1

becomes ‘
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STEP 4: SIMPLIFY THE EQUATION

We can simplify the equation to ) =1.

5m
1+6m?2
STEP 5: SOLVE THE ABSOLUTE VALUE EQUATION

. 0 . 5m _ 5m — —
This gives us two cases: (% = 1 and %> = —1.

STEP 9: DETERMINE THE GREATEST PRODUCT
Comparing the products, the greatest possible value of the product of the slopes is

The final answer is:

E.2 GENERATED RESPONSES FROM TRAINED MODELS

3
S3c

The following examples show responses generated by models trained with SFD and with SFT, and
compare their outputs. The examples are drawn from the MATHS500 dataset (Hendrycks et al., 2021).
The correct answer is highlighted in green, whereas an incorrect answer is highlighted in red. These
examples suggest that, even on simple questions, SFT can suffer from distributional misalignment:
the student model memorizes the teacher’s surface-level reasoning patterns rather than learning a
correct problem-solving approach, leading to failures even on easy problems. SFD addresses this
by generating distillation data that lies within the student’s manifold, so models trained with SFD
produce responses that follow the underlying reasoning and solve the problems correctly.

Comparison of trained Qwen2 . 5—3B models:

SFT vs. SFD

Question. The set of points (z, y, z) that satisfy
20 =3y = —=z

is a line.
The set of points (z, y, z) that satisfy

b6r = —y = —4z

is another line.
Find the angle between these lines, in degrees.

Response from SFT-trained model. To determine the angle between the two given lines in
3D space, we identify the direction vectors.

For the first line, the direction vector is:

11
. = —_. = —]_
U1 (2,3, )

For the second line, the direction vector is:

vy = (1,—6,—4)

We claim that the second line is a scalar multiple of the first, ¥o = 3 - ¥/}, meaning the lines
are parallel.
Thus, the angle is 0.
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FINAL ANSWER

Response from SFD-trained model. To find the distance between (2, —6) and (—4, 3), we
use the distance formula:

Distance = /(—4 — 2)2 + (3 — (—6))2

Simplifying the expression, we get:

V117 = vV9 x 13 = 313
FINAL ANSWER

3v13

Comparison of trained Qwen2 .5-1 . 5B models:

SFT vs. SFD

Question. What is the smallest positive perfect cube that can be written as the sum of three
consecutive integers?

Response from SFT-trained model. To determine the angle between the two lines, we
derive the direction vectors.
Based on the equations, we find the direction vectors to be:

Vi = <4,6, —2), Vo = <1, —6, 1>

Using the dot product formula and simplifying, we conclude:

~ arccos(0.516) ~ 60°

Response from SFD-trained model. To find the smallest positive perfect cube that can be
written as the sum of three consecutive integers, we note their sum is 3n.

FINAL ANSWER

For 3n = N3, N must be a multiple of 3. The smallest positive integer is N = 3.

Thus, the smallest perfect cube is:
N3 =33 =27

FINAL ANSWER
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Comparison of trained L1ama3 . 2-3B models:

SFT vs. SFD

Question. A regular hexagon can be divided into six equilateral triangles. If the perimeter of
one of the triangles is 21 inches, what is the perimeter, in inches, of the regular hexagon?

Response from SFT-trained model. To solve the problem,
the perimeter of the hexagon is 6 x 3s = 18s.

Since the perimeter of one triangle is 21, we have:

3s=21 — s=17

Thus, the total perimeter is:
18s =18 x 7 =126

FINAL ANSWER
126

Response from SFD-trained model. To solve the problem, we consider the structure of the
hexagon.
Given the perimeter of one triangle is 21, we have:

3s=21 — s=7

Therefore, the perimeter of the regular hexagon is:
6x7=42

FINAL ANSWER

LLM USAGE

Every part of the research, including the concepts and ideas, originates entirely from the authors,
and all experiments are conducted by ourselves. The authors also wrote the paper manually, though
LLMs were used only to check typos and polish minor grammar in some parts.
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