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Abstract

Distilling reasoning paths from teacher to student models via
supervised fine-tuning (SFT) provides a shortcut for improving
the reasoning ability of the smaller Large Language Models
(LLMs). However, the reasoning paths generated by teacher
models often reflect only surface-level traces of their underly-
ing authentic reasoning. Insights from cognitive neuroscience
suggest that authentic reasoning involves a complex inter-
weaving between meta-reasoning that selects the appropriate
sub-problem from multiple candidates, and solving, which
addresses the sub-problem. It means that authentic reasoning
has implicit multi-branch structure. Supervised fine-tuning
collapses this rich structure into a flat sequence of token pre-
diction in teacher’s reasoning path, which cannot distill this
structure to student. To address this limitation, we propose
RLKD, a reinforcement learning (RL)-based distillation frame-
work guided by a novel Generative Structure Reward Model
(GSRM). Our GSRM converts the reasoning path into multiple
meta-reasoning-solving steps and gives the reward to measure
the alignment between the reasoning structures of student and
teacher. Our RLKD combines this reward with RL, enables the
student LLM to internalize the teacher’s implicit multi-branch
structure in authentic reasoning, rather than merely mimicking
fixed teacher’s output paths. Experiments show that RLKD,
even when trained on only 0.1% of the data under an RL-
only regime, surpasses the performance of standard SFT-RL
pipelines and further unleashes the potential reasoning ability
of the student LLM than SFT-based distillation.

Code — https://github.com/xsc1234/RLKD

1 Introduction
Recently, Large Language Models (LLMs) have demon-
strated impressive abilities on complex reasoning tasks (Pan
et al. 2025; Jiaqi et al. 2025; Xu et al. 2025b) via generating
long reasoning paths (Havrilla et al. 2024; Wei et al. 2022)
such as Deepseek-R1 (Guo et al. 2025). However, high train-
ing costs (Guo et al. 2025; Xu et al. 2025a) and the strong
base model (Chu et al. 2025; Yue et al. 2025) are required
in order for LLMs to emerge with this excellent capability,
which prevents this reasoning capability from being explored
by resource-constrained teams in developing their LLMs. To
solve this challenge, supervised fine-tuning (SFT) on the
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reasoning paths generated from LLMs with powerful reason-
ing capabilities provides a shortcut and efficient method to
make the smaller LLMs generate the long reasoning paths
and achieve significant improvement (Guo et al. 2025; Zhang
et al. 2025; Face 2025; Wen et al. 2025). Despite this ad-
vance, some studies find SFT-distilled reasoning LLMs are
trapped in rigid imitation rather than authentic reasoning.
Purely mimicking the teacher’s reasoning paths can leave the
student LLM “unthinking”: it replicates the surface form of
the reasoning steps yet still makes errors on key underlying
steps (Chen et al. 2025; Dai et al. 2024).

To analyze and solve this phenomenon, we introduce the
concepts from human cognitive neuroscience to rethink the
definition of authentic reasoning of LLMs, which consists
of two parts: one is meta-reasoning and the other is solv-
ing (Cox and Raja 2007; Russell and Wefald 1991). Specifi-
cally, answering a complex problem involves multiple steps
and each step consists of a meta-reasoning phase that de-
termines the specific sub-problem from multiple potential
sub-problems – followed by a solving phase that executes
or answers the specific determined sub-problem. From this
perspective, although the generated reasoning content is a
definitive path, each step on this path is actually determined
by meta-reasoning from multiple candidate states. Therefore,
the complex interweaving between meta-reasoning and solv-
ing constitutes the authentic reasoning, in which both gener-
ated reasoning path and multiple other potential paths form
the implicit multi-branch structure (Figure 1 (a)). A critical
challenge in SFT-based distillation is that it trains a student
LLM to imitate the teacher’s output sequence token-by-token
with cross-entropy loss. Therefore, SFT collapses this rich
implicit multi-branch structure in teacher into a flat sequence
of token prediction to memorize only the teacher’s generated
path (Figure 1 (b)) while fails to learn how to sample the path
from other potential paths.

To solve this problem, it is important to provide the learn-
ing signal in distillation that clearly organizes multi-step
meta-reasoning and solving in the reasoning paths, which is
the core of implicit multi-branch structure. This is a highly
semantic supervision that cannot be accomplished by token-
level SFT and requires reinforcement learning (RL) (Ouyang
et al. 2022; Havrilla et al. 2024), so we propose RLKD,
the first reinforcement learning-based knowledge distillation
method for LLM’s reasoning. In RLKD, we design Genera-
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Figure 1: (a) The generated reasoning path has implicit multi-branch structure. (b) Distillation only based on SFT collapses the
rich structure into a flat sequence of token prediction to memorize only the teacher’s generated path. (c) Our proposed RL-based
distillation can teach the student LLM to learn this structure by using a Generative Structure Reward Model to measure the
alignment between the reasoning structure of the student and teacher, serving as the reward in RL.

tive Structure Reward Model (GSRM), a two-stage reward
pattern that combines the semantic understanding of genera-
tive reward model (Mahan et al. 2024) with the interpretabil-
ity and controllability of the rule-based reward model (Guo
et al. 2025). GSRM can convert the reasoning path into the se-
quence consisting of multiple meta-reasoning-solving steps,
and then score the matching degree between the sequences
of the student and the teacher with structured reward mecha-
nism. When combing GSRM with RL, our RLKD can guide
the student LLM at a step-level on how to better perform sam-
pling to select the most suitable sub-problem from multiple
potential ones , and then solving it. In this way, RLKD can
distill the implicit multi-branch structure in the reasoning of
teacher LLMs to the student LLMs (Figure 1 (c)).

Experiments on math and graduate-Level Q&A show that
our RLKD: (1) can use only 0.1% training data with RL-only
paradigm to outperform SFT-RL pipeline in Qwen2.5-Math,
(2) can further unleash the potential reasoning ability of the
student LLM than SFT-based distillation, and (3) can outper-
form existing RL baselines. In conclusion, this paper points
out that the authentic reasoning possesses an implicit multi-
branch structure, which can not be distilled to the student
LLM by SFT and proposes RLKD, which is the first RL-
based distillation method for LLM’s reasoning.

2 Related Work
2.1 Structure in Reasoning of LLMs
Recent studies finds that the reasoning of LLMs has the
structure. Chain-of-Thought (Wei et al. 2022), Least-to-
Most (Zhou et al. 2022) and Self-Ask (Press et al. 2022)

initially formalize the reasoning path as a chain consist-
ing of multiple nodes, which is a linear structure. Tree-of-
Thought (Yao et al. 2023), Graph-of-Thought (Besta et al.
2024) and SearChain (Xu et al. 2024a) explicitly builds a
non-linear structure for reasoning. SuperCorrect (Yang et al.
2025) uses high-level plans plus detailed steps as hierarchical
thought templates to correct student models. The common-
ality of existing studies is that they explicitly let LLMs gen-
erated the specified structure in reasoning through prompt
engineering or fine-tuning. We rethink the reasoning that a
generated reasoning path contains multiple potential other
paths, and these potential paths together with the generated
path form the structure of reasoning. We focus on distilling
this implicit multi-branch structure into the student LLM.

2.2 SFT for Reasoning Distillation
Supervised fine-tuning (SFT) on chain-of-thought demon-
strations has emerged as a straightforward way to distill rea-
soning capabilities from large models into smaller ones. For
example, Deepseek releases a series distilled LLMs based on
Deepseek-R1 and significantly improve the reasoning capa-
bilities (Guo et al. 2025). A similar study shows that with only
17k curated reasoning traces, a 32B student model can nearly
match a closed-source o1-preview on math and coding bench-
marks (Li et al. 2025) and many open-source projects are
released (Wen et al. 2025; Face 2025; Bespoke-Labs 2025).
However, recent findings highlight that SFT often teaches
format over substance: models learn to imitate the reasoning
paths without authentic understanding of their content (Chen
et al. 2025; Dai et al. 2024). In fact, a student can produce cor-
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rect answers by mimicking a long Chain-of-Thought (CoT)
pattern even if many intermediate steps are incorrect (Li et al.
2025). The key reason behind this is that reasoning has im-
plicit multi-branch structure but SFT distillation collapses
this structure into a flat sequence of token prediction. Our
RL-based distillation can teach the student LLM to learn this.

2.3 Reinforcement Learning for LLMs’ Reasoning
Reinforcement learning (RL) has been explored as a means to
optimize reasoning strategies in language models, building on
foundations like Proximal Policy Optimization (PPO) (Schul-
man et al. 2017). More recent advances include Group Rel-
ative Policy Optimization (GRPO) (Shao et al. 2024), intro-
duced by the DeepSeek team to push mathematical reasoning
performance and Decoupled Clip and Dynamic Sampling
Policy Optimization (DAPO) (Yu et al. 2025) to train LLM
with RL at Scale. These methods primarily focus on human
feedback, outcome accuracy or heuristic rewards to optimize
LLMs in specific downstream tasks. Different from them, our
RLKD aims to use RL in knowledge distillation.

3 Our Method
This section introduces details of our RLKD, a RL-based
knowledge distillation method that can transfer the implicit
multi-branch structure for complex reasoning from teacher
to student. Firstly, we propose to train a Generative Struc-
ture Reward Model (GSRM) to score the alignment degree
between the reasoning paths of student and teacher LLMs
in terms of their implicit multi-branch structure. Then, we
introduce the GSRM into RL-based knowledge distillation.

3.1 Generative Structure Reward Model
Rewarding the implicit multi-branch structure is premised on
accessing the meta-reasoning and solving at each reasoning
step. However, the raw reasoning path generated by LLMs
such as Deepseek-R1 is unstructured, making it difficult to
directly distinguish between various reasoning steps and to
decouple the meta-reasoning and solving content of each
step. To solve this, we propose Generative Structure Reward
Model (GSRM), a two-stage reward pattern that combines
the semantic understanding of generative reward model (Ma-
han et al. 2024) with the interpretability and controllability
of the rule-based reward model (Guo et al. 2025). In the
implementation of GSRM, firstly, we train a LLM to gener-
ate a sequence of meta-reasoning and solving pairs for the
input reasoning path. Then, we design a structured reward
mechanism to score the alignment degree between the teacher
and the student in terms of their meta-reasoning and solving
content at the corresponding steps.

Dataset Construction. We devise detailed instructions and
examples to perform in-context learning (ICL) with the GPT-
4o API, enabling it to automatically construct a large-scale su-
pervised fine-tuning dataset. Each data sample of this dataset
is a input-out pair: reasoning path R is the input and the se-
quence S consisting of multiple meta-reasoning and solving
steps is the output. Specifically, we first structurally define
each meta-reasoning and solving steps as (M, Q & A), in
whichM is the content of meta-reasoning that focuses on

determining the sub-problem that the current reasoning step
should solve. Q-A pair is the content of solving, in which Q
is a clear description of the current sub-problem and A is the
solving result to the sub-problem. So sequence S containing
n meta-reasoning and solving steps can be described as:

S = [(M1,Q1&A1), (M2,Q2&A2), ..., (Mn,Qn&An)].

The essential for the generation of S is (1) containing each
key reasoning step in the reasoning path and (2) fully decou-
pling the contents ofM, Q, and A so that they contain and
only contain the specified information. Based on these two
points, we design specific instruction and examples covering
four reasoning tasks (math, science, code and puzzles) to
enable GPT-4o to perform effective ICL. One example is
shown in Figure 2 (b). Besides, we introduce a verification-
based feedback strategy to improve data quality. For each S
generated by GPT-4o given input R, we use Deepseek-V3 to
determine whether S meets the requirements of the instruc-
tion. If it does not, we give the feedback from Deepseek-V3
to GPT-4o to re-generate S. If a data sample fails to pass the
verification after three re-generations, we discard this sample.
We automatically execute this data production process on
OpenThoughts-114k (Team 2025), an open synthetic reason-
ing dataset with 114k high-quality examples covering math,
science, code, and puzzles, and each example has Deepseek-
R1 generated reasoning path, which is the R. Finally, we get
93, 625R-S pairs for the future supervised fine-tuning.
Structured Fine-grained Training. This stage aims to
train a generative reward model in our GSRM that can
generate the sequence of meta-reasoning and solving pairs
for the input reasoning path. Since the target output S
is a highly structured text, we propose a training method
called Structured Fine-grained Training to optimize each
task (meta-reasoning generation and solving generation) in a
fine-grained manner and dynamically adjust the optimization
weight according to the difficulty of the task. Specifically, we
split the tokens in S into two sets: one are tokens in meta-
reasoningM and the other are tokens in solving Q&A. We
perform 3 training epochs. F is the LLM used in this part
(Qwen2.5-7B-Instruct), the first epoch is training for meta-
reasoning, only loss from the tokens inM is considered:

L1 =
∑

S[i]∈M

− logF(S[i]|S[1:i−1]; θ).

The second epoch is training for solving generation, only loss
from Q&A is computed as:

L2 =
∑

S[i]∈Q&A

− logF(S[i]|S[1:i−1]; θ).

The third epoch is mixed training. Total loss is the dynami-
cally weighted average of the losses on the two token sets:

L3 = a
∑

S[i]∈M

− logF(S[i]|S[1:i−1]; θ) (1)

+ b
∑

S[i]∈Q&A

− logF(S[i]|S[1:i−1]; θ).
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[Question]: Given real numbers 𝑎𝑎, 𝑏𝑏, 𝑐𝑐 and a positive number 𝜆𝜆 such that the polynomial 𝑓𝑓 𝑥𝑥 = 𝑥𝑥3 + 𝑎𝑎𝑥𝑥2 + 𝑏𝑏𝑏𝑏 + 𝑐𝑐 has three real roots 𝑥𝑥1, 𝑥𝑥2 , 𝑥𝑥3 , and the 
conditions 𝑥𝑥2 − 𝑥𝑥1 = 𝜆𝜆 and 𝑥𝑥3 > 1

2
(𝑥𝑥1 + 𝑥𝑥2) are satisfied, find the maximum value of 2𝑎𝑎

3+27𝑐𝑐−9𝑎𝑎𝑎𝑎
𝜆𝜆3

.
[Reasoning Path]: Okay, so I... (too long to show here)
[Transformed Response]: 
[Meta-reasoning 1]: To find the maximum value of 2𝑎𝑎

3+27𝑐𝑐−9𝑎𝑎𝑎𝑎
𝜆𝜆3

, use Vieta’s formulas to express coefficients 𝑎𝑎,𝑏𝑏, 𝑐𝑐 in terms of the roots 𝑥𝑥1, 𝑥𝑥2 , 𝑥𝑥3. Parametrize 

the roots to satisfy 𝑥𝑥2 − 𝑥𝑥1 = 𝜆𝜆 and 𝑥𝑥3 > 1
2

(𝑥𝑥1 + 𝑥𝑥2). Define 𝑥𝑥1 = 𝑡𝑡 − 𝜆𝜆
2
, 𝑥𝑥2 = 𝑡𝑡 + 𝜆𝜆

2
, and 𝑥𝑥3 = 𝑡𝑡 + 𝑠𝑠 where 𝑠𝑠 > 0. This parametrization simplifies the problem 

by eliminating 𝜆𝜆 through symmetry.
[Sub-problem 1]: Express 𝑎𝑎, 𝑏𝑏, 𝑏𝑏 in terms of 𝑡𝑡, 𝑠𝑠, and 𝜆𝜆 using the parametrized roots. [Answer 1]: 𝑎𝑎 = −3𝑡𝑡 − 𝑠𝑠, 𝑏𝑏 = 3𝑡𝑡2 + 2𝑡𝑡𝑡𝑡 − 𝜆𝜆2

4
, 𝑐𝑐 = −𝑡𝑡3 − 𝑡𝑡2𝑠𝑠 + 𝜆𝜆2

4
(𝑡𝑡 + 𝑠𝑠)

[Meta-reasoning 2]: Substitute 𝑎𝑎, 𝑏𝑏, 𝑐𝑐 into the expression 2𝑎𝑎
3+27𝑐𝑐−9𝑎𝑎𝑎𝑎

𝜆𝜆3
. Simplify the expression by combining like terms. The result will depend only on 𝑠𝑠 and 𝜆𝜆, 

allowing further simplification by introducing 𝑘𝑘 = 𝑠𝑠
𝜆𝜆
. This reduces the problem to maximizing a cubic function  in 𝑘𝑘.

[Sub-problem 2]: Simplify 2𝑎𝑎
3+27𝑐𝑐−9𝑎𝑎𝑎𝑎

𝜆𝜆3
after substitution. What is the simplified form in terms of 𝑘𝑘?  [Answer 2]: −2𝑘𝑘3 + 9

2
𝑘𝑘.

[Meta-reasoning 3]: To maximize 𝑄𝑄(𝑘𝑘) = −2𝑘𝑘3 + 9
2
𝑘𝑘, find its critical points by taking the derivative and solving for 𝑘𝑘. Verify that the critical point corresponds 

to a maximum using the second derivative test.-
[Sub-problem 3]: Find the critical point of 𝑄𝑄(𝑘𝑘) = −2𝑘𝑘3 + 9

2
𝑘𝑘.  [Answer 3]: 𝑘𝑘 = 3

2
.

[Meta-reasoning 4]: Substitute  𝑘𝑘 = 3
2

back into 𝑄𝑄(𝑘𝑘) to compute the maximum value. Confirm the calculation to ensure no arithmetic errors.-

[Sub-problem 4]: Calculate 𝑄𝑄( 3
2

) .  [Answer 4]: 3 3
2

.

[Meta-reasoning 5]: Verify that the critical point 𝑘𝑘 = 3
2

satisfies all constraints (e.g., 𝑠𝑠 > 0) and that the polynomial discriminant condition for three real roots is 
implicitly satisfied by the problem’s given conditions. Confirm no additional constraints affect the result.-
[Sub-problem 5]: Does 𝑘𝑘 = 3

2
satisfy 𝑠𝑠 > 0?  [Answer 5]: Yes.  

[Meta-reasoning 6]: Finalize the maximum value of the original expression based on the derived result.-
[Sub-problem 6]: What is the maximum value of 2𝑎𝑎

3+27𝑐𝑐−9𝑎𝑎𝑎𝑎
𝜆𝜆3

? [Answer 6]: 3 3
2

.

So the final answer is: 3 3
2

.

Figure 2: One sequence generation example for math task in in-context learning prompts for GPT-4o.

a and b are initialized to the average of L1 and L2 over
training steps respectively. During training, we calculate the
loss of the tokens inM andQ&A respectively, and update a
and b according to the ratio of the losses in two sets every α
training steps. We set α as 100.

Structured Reward Mechanism After above generation,
we denote St and Ss as the sequences generated from reason-
ing paths of the teacher and the student LLM respectively:

St = [(Mt
1,Qt

1&At
1), (Mt

2,Qt
2&At

2), ..., (Mt
n,Qt

n&At
n)],

Ss = [(Ms
1,Qs

1&As
1), (Ms

2,Qs
2&As

2), ..., (Ms
m,Qs

m&As
m)].

We propose the Structured Reward Mechanism to map the
generated sequence consisting of multiple meta-reasoning
and solving to a reward value according to the alignment
between St and Ss. Although this computation is carried
out based on a linear sequence, when combined with RL,
it becomes capable of quantifying the degree of alignment
between the teacher and the student in terms of the implicit
multi-branch structure, serving as environmental feedback
in RL. This is because it can assess the step-level alignment
between the sequences and, through the mechanism of re-
ward for RL, finely guide the student LLM to make cor-
rect sampling from multiple potential sub-problems at each
meta-reasoning step. Compared with SFT-based distillation,
it makes the student LLM learn the implicit multi-branch
structure in the authentic reasoning of the teacher LLM rather
than just focuse on memorizing the reasoning path on the sur-
face generated by the teacher LLM. Compared with existing
RL methods, it can guide the student LLM on how to do bet-
ter sampling at each step and avoid reward hacking (Amodei

et al. 2016; Di Langosco et al. 2022) by step-to-step compar-
ison and early-exist mechanism.

Algorithm 1: Structured Reward Mechanism
Initialize r ← 0 ; // Total reward accumulator
for each index i ∈ {1, 2, . . . ,min(n,m)} do

Initialize temporary reward v ← 0 ; // Step-wise
reward score
if Match(Mt

i,Ms
i ) then

v ← 1 ; // Base score for matched
meta-reasoning
if Not Match(Qt

i,Qs
i ) then

v ← v × 0.5 ; // 50% penalty for
question mismatch

end
if Not Match(At

i,As
i ) then

v ← v × 0.5 ; // Additional 50%
penalty for answer mismatch

end
end
else

Break ; // Encountering mismatched
meta-reasoning, exit

end
r ← r + v ; // Accumulate step
contribution

end
return r ; // Final reward between sequences
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Model Data Size AIME24

SFT RL pass@1 pass@4 pass@8 pass@16 pass@32 pass@64
Number of running times for each question 1 4 8 16 32 64 4 8 16 32 64

Based on Qwen2.5-Math-7B
Qwen2.5-Math-7B 0 0 13.3 11.7 11.7 11.3 11.0 10.3 20.0 26.7 30.0 30.0 43.3
Qwen2.5-Math-7B-Instruct 2,895K 66K 16.7 15.8 15.8 15.8 14.7 14.6 33.3 43.3 43.3 50.0 50.0
Our: Qwen2.5-Math-7B-RLKD-Zero 0 3.2K 23.3 20.0 20.4 22.1 22.5 21.0 40.0 46.7 56.7 60.0 70.0

Based on Deepseek-R1-Distill-Qwen-7B
DeepSeek-R1-Distill-Qwen-7B 800K 0 50.0 52.7 52.5 52.9 52.3 52.4 66.7 73.3 80.0 80.0 83.3
DeepSeek-R1-Distill-Qwen-7B-PPO 800K 3.2K 46.7 52.1 53.0 52.7 52.9 52.9 66.7 73.3 73.3 80.0 83.3
DeepSeek-R1-Distill-Qwen-7B-GRPO 800K 3.2K 50.0 52.5 53.3 53.3 53.3 52.3 66.7 73.3 80.0 83.3 83.3
Our: DeepSeek-R1-Distill-Qwen-7B-RLKD 800K 3.2K 53.3 56.7 55.4 53.3 52.9 53.6 73.3 80.0 86.7 86.7 86.7

(a) Performance on AIME24
Model Data Size GPQA-Diamond MATH-500

SFT RL pass@1 pass@4 pass@8 pass@1 pass@4
Number of running times for each question 1 4 8 4 8 1 4 4

Based on Qwen2.5-Math-7B
Qwen2.5-Math-7B 0 0 29.3 27.8 27.5 61.1 79.3 54.8 56.2 81.0
Qwen2.5-Math-7B-Instruct 2,895K 66K 30.3 30.2 30.1 66.7 82.3 82.4∗ 81.5∗ 89.4∗
Our: Qwen2.5-Math-7B-RLKD-Zero 0 3.2K 34.9 34.2 32.7 69.2 86.4 74.4 73.9 87.8

Based on Deepseek-R1-Distill-Qwen-7B
DeepSeek-R1-Distill-Qwen-7B 800K 0 47.9 50.8 50.2 74.7 83.8 92.4 93.2 97.4
DeepSeek-R1-Distill-Qwen-7B-PPO 800K 3.2K 47.9 49.4 50.7 74.7 84.3 93.4 94.0 97.6
DeepSeek-R1-Distill-Qwen-7B-GRPO 800K 3.2K 50.5 50.1 49.8 75.3 84.3 93.0 93.7 97.4
Our: DeepSeek-R1-Distill-Qwen-7B-RLKD 800K 3.2K 54.5 53.0 52.8 76.8 86.9 94.2 95.1 98.2

(b) Performance on GPQA-Diamond and MATH-500
∗means training set of MATH-500 has appeared in the SFT training data of Qwen2.5-Math-7B-Instruct (Yang et al. 2024).

Table 1: Reasoning abilities on AIME24, MATH-500 and GPQA-Diamond. The results are obtained based on generating multiple
responses for each query to mitigate randomness and the best results are in bold font. Qwen2.5-Math-7B-RLKD-Zero is trained
by our RLKD without any SFT (RL only).

Specifically, our structured reward mechanism sequentially
compares the corresponding steps of St and Ss (Algorithm 1).
We use Qwen-2.5-7B-Instruct to determine whether two texts
are matched. For the steps whereMt

i matchesMs
i , we as-

sign a temporary reward value of 1. We further deduct the
temporary reward by judging the matching relationship ofQi

and Ai. The temporary reward value is added to the total re-
ward value after this. When meeting the mismatchedMi, the
reward accumulation ends. This reward mechanism follows
the sequential dependency of the reasoning path and can give
an approximately unique reward value for each step.

3.2 RL-based Knowledge Distillation Training
We combine our Generative Structure Reward Models
(GSRM) with Group-based Relative Policy Optimization
(GRPO) (Shao et al. 2024) for RL-based knowledge distil-
lation training. In training, we combine the reward obtained
from GSRM and the outcome reward of the specific task,
such as the accuracy in math, in a weighted manner as the
total reward for GRPO.

4 Experiments
4.1 Experimental Setup.
Datasets and Evaluation Metrics. We use OpenR1-Math
as the training dataset for RL, in which Deepseek-R1 gener-
ated responses in this dataset are used as the teacher LLM’s
reasoning paths. We keep the training datasets consistent with

baselines including PPO and GRPO. In evaluation, we use
the popular and challenging datasets on LLM’s reasoning in-
cluding AIME24 (MAA 2024) and MATH-500 (Hendrycks
et al. 2021) for math reasoning and GPQA-Diamond (Rein
et al. 2024) for graduate-Level Q&A. As for the metrics, we
follow existing studies on LLM’s reasoning (Guo et al. 2025;
Shao et al. 2024; Zhang et al. 2025; Deng et al. 2024; Xu
et al. 2024b) to use pass@k (Chen et al. 2021). Our valida-
tion is divided into two parts: pass@1 and pass@k (k > 1).
As for pass@1, we generate m (m is 64 for AIME, 8 for
GPQA and 4 for MATH500) responses for each question
and compute pass@1 as pass@1 = 1

m

∑m
i=1 pi, in which

pi is the correctness of the i-th response. This can alleviate
randomness on small datasets. As for pass@k (k > 1), it
involves the LLM generating k responses for each question,
with the data sample being marked as accurate if at least one
of the k responses is accurate. Paying attention to the metric
where k > 1 is crucial, as in this setting, the LLM has the
opportunity to explore multiple diverse paths to answer the
question, it reflects the LLM’s ability to sample from multiple
implicit paths during reasoning, thereby assessing whether
the distilled LLM has learned authentic reasoning or merely
memorized the teacher’s paths.

Baselines and Comparison Settings. We categorize the
baselines into three groups according to the experimental
settings. The first setting aims to show the effect of our
method on improving LLM’s reasoning ability. We com-
pare our RL-only training method with the LLM trained in
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Figure 3: The variations of metrics during the RL training process ((c) is not applicable to GRPO).

SFT-RL pipeline. We use Qwen2.5-Math-7B-Instruct (Yang
et al. 2024), a powerful reasoning LLM trained on large-scale
chain-of-thought datasets with SFT and then GRPO. Both our
method and Qwen2.5-Math-7B-Instruct use the same based
model: Qwen2.5-Math-7B, which has been pre-trained on
math corpus. The second setting aims to explore whether our
RL-based distillation can further improve the performance of
the SFT-distilled LLM and achieve effective optimization of
the SFT-RL pipeline in knowledge distillation. We compare
our method with RL baselines including PPO and GRPO
based on DeepSeek-R1-Distill-Qwen-7B (Guo et al. 2025),
a powerful LLM that is SFT-distilled from Deepseek-R1.
The third setting aims to compare which method is better
for the student LLM to learn authentic reasoning rather than
memorizing the teacher’s path. We use embedding1 similar-
ity (Deng et al. 2025) to select the 3.2K data samples with
the largest difference from the test set in OpenR1-Math-220k
training set, and train Qwen2.5-Math-7B on this subset with
RL-based distillation and SFT-based distillation respectively.

Implementation Details. In training, we build our code
based on Open-R1, an open-source project for LLM’s rea-
soning. We use Pytorch 2.5.1 as the training framework and
Deepspeed 0.15.4 for acceleration of parallel computing. In
RL training, we use one Ascend 910B 64G NPU for online
inference and four Ascend 910B 64G NPUs for training un-
der deepspeed-zero3 setting. As for hyperparameters, we set
per-device batch size as 2, gradient accumulation steps as 4,
group size for GRPO as 4, temperature in online inference as
0.7. In evaluation, we use Lighteval as the toolkit and follow
settings in Deepseek (Guo et al. 2025) to set temperature as
0.6, max new tokens as 32768 and top-p as 0.95. We report
the results of multiple runs to reduce the randomness.

4.2 Experimental Results
Main Results. Results about reasoning abilities of LLMs
are shown in Table 1. In the training based on Qwen2.5-
Math-7B, our RL-only method Qwen2.5-Math-7B-RLKD-
Zero outperforms complex SFT + RL pipeline (Qwen2.5-
Math-7B-Instruct) and uses much less data (nearly 0.1%). In
the training based on Deepseek-R1-Distill-Qwen-7B (SFT-
distilled LLM), baseline RL methods including PPO and
GRPO can hardly bring about significant improvements on

1obtained by gte-Qwen2-7B-instruct

this basis while our RLKD is capable of further enhancing
performance. The indicates that our RL-based distillation
approach enables the SFT-distilled LLM to learn additional
information beyond its memorization of the teacher’s rea-
soning paths. The relatively more significant improvements
are observed in pass@k (k > 1). In this setting, LLM has
the opportunity to explore multiple diverse paths to answer
the question, which means that compared to SFT distilla-
tion, our method enables the student LLM to learn how to
perform sampling from multiple potential paths by distilling
the implicit multi-branch structure from the teacher, thereby
increasing the probability of providing the correct answer.

Ablation Study. Figure 3 shows three metrics in RL train-
ing. We compare our RLKD with GRPO because RLKD is
actually GRPO with the reward from our Generative Struc-
ture Reward Model (GSRM). The results indicate that as the
training progresses, GSRM enables RLKD to better optimize
the accuracy of the task (Figure 3 (a)), primarily because the
student gradually learns the teacher’s implicit multi-branch
structure in reasoning (Figure 3 (c)).

4.3 Compare RL Distillation with SFT Distillation

Performance Trend Varying with Training Steps. This
section compares the SFT-based distillation with our RL-
based distillation (RLKD) by training Qwen2.5-Math-7B on
the dataset has domain shift to AIME24 and is out of the do-
main of GPQA. This setting, where there exists a domain dis-
crepancy between the training and testing sets for distillation,
allows us to intuitively discern whether SFT-based distillation
is merely mimicking and memorizing the teacher’s paths, and
whether our RL-based distillation enables the student to learn
authentic reasoning. The experimental results are shown in
Figure 4. It is noteworthy that, as the training progresses, SFT
and RLKD demonstrate completely opposite performance
trends: RLKD can consistently enhance performance, even
when distilling on dataset that significantly diverges from the
testing set, whereas SFT progressively undermines perfor-
mance. It indicates that SFT distillation is easy to fall into the
trap of simply imitating and memorizing the teacher’s reason-
ing paths, rather than learning authentic reasoning that can
be stably generalized. Our RLKD teaches students to sample
from multiple potential branches, much like the multi-branch
structure implicit in real reasoning in teacher LLMs.
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Figure 4: Comparison between SFT-based distillation and our RL-based distillation (RLKD) in domain shift and out-of-domain
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Figure 5: Diversity among different reasoning paths at each meta-reasoning step varying with training. Red line is Deepseek-R1.
Blue line is DeepSeek-R1-Distill-Qwen-7B. Green line is DeepSeek-R1-Distill-Qwen-7B w/ RLKD.

Diversity of Reasoning Paths. The diversity of reasoning
paths can reflect whether the student LLM has truly learned
reasoning or is just memorizing the fixed teacher’s path in
the training set. Figure 5 shows that our method brings the
diversity-patterns of the student LLM closer to that of the
teacher LLM in multi-step reasoning, suggesting that it al-
lows the student LLM to learn authentic reasoning by dis-
tilling the implicit multi-branch structure. Specifically, we
randomly sample 500 samples from Openthoughts-114K. On
this sampled set, we set temperature to 0.8 and let LLM gen-
erate 16 responses for each question. We use the GSRM in
Section 3.1 to generate a corresponding sequence containing
multiple meta-reasoning-solving steps for each response, and
calculate the diversity of the meta-reasoning-solving content
within the 16 responses of each question at step-level. The
diversity score D is calculated as:

u =
1

16

16∑
i=1

ei, D =
1

1
16

∑16
i=1

ei·u
|ei||u|

,

in which ei is the text embedding encoded by gte-Qwen2-7B-
instruct for each meta-reasoning-solving content. As shown
in Figure 5, the teacher LLM (Deepseek-R1) has a signifi-
cantly different diversity-pattern from the SFT-distilled stu-
dent LLM (DeepSeek-R1-Distill-Qwen-7B). Reasoning in
the teacher has the higher diversity while the student is stuck

in the relatively fixed paths. As the training of our method
progresses (from step 20 to 100), the diversity of the student’s
reasoning paths begins to increase and gradually approaches
that of the teacher, which indicates that our method allows the
student to learn the teacher’s authentic reasoning paradigm.

5 Conclusion and Discussion
This work addresses a critical flaw in knowledge distillation
in LLM’s reasoning: the failure of SFT to transfer the im-
plicit multi-branch structure underlying authentic reasoning.
Drawing from cognitive neuroscience principles, we show
that authentic reasoning involves dynamic meta-reasoning
(sub-problem selection) and solving steps—a implicit multi-
branch structure flattened by token-level SFT training. Our
RLKD, the first RL-based distillation framework for rea-
soning, overcomes this paired with a Generative Structure
Reward Model (GSRM), which decomposes reasoning paths
into meta-reasoning-solving pairs and scores the structural
alignment between teacher and student. Experiments across
math and graduate-level QA tasks demonstrate RLKD’s su-
periority than SFT-based distillation, SFT-RL pipeline and
RL baselines including PPO and GRPO, proving its ability to
distill how teachers navigate latent reasoning branches rather
than mimicking surface tokens. Further analysis confirms
RLKD-trained students mirror teachers’ multi-branch explo-
ration patterns, closing the imitation-authentic reasoning gap.
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