
000
001
002
003
004
005
006
007
008
009
010
011
012
013
014
015
016
017
018
019
020
021
022
023
024
025
026
027
028
029
030
031
032
033
034
035
036
037
038
039
040
041
042
043
044
045
046
047
048
049
050
051
052
053

Under review as a conference paper at ICLR 2026

BLENDING SUPERVISED AND REINFORCEMENT FINE-
TUNING WITH PREFIX SAMPLING

Anonymous authors
Paper under double-blind review

ABSTRACT

Existing post-training techniques for large language models are broadly categorized
into Supervised Fine-Tuning (SFT) and Reinforcement Fine-Tuning (RFT). Each
paradigm presents a distinct trade-off: SFT excels at mimicking demonstration
data but can lead to problematic generalization as a form of behavior cloning.
Conversely, RFT can significantly enhance a model’s performance but is prone to
learn unexpected behaviors, and its performance is sensitive to the initial policy.
In this paper, we propose a unified view of these methods and introduce Prefix-
RFT, a hybrid approach that synergizes learning from both demonstration and
exploration. Using mathematical reasoning problems as a testbed, we empirically
demonstrate that Prefix-RFT is both simple and effective. Not only does it surpass
the performance of standalone SFT and RFT, but it also outperforms parallel
mixed-policy RFT methods. A key advantage is its seamless integration into
existing open-source frameworks, requiring only minimal modifications to the
standard RFT pipeline. Our analysis highlights the complementary nature of SFT
and RFT, validating that Prefix-RFT effectively harmonizes these two learning
paradigms. Furthermore, ablation studies confirm the method’s robustness to
variations in the quality and quantity of demonstration data. We hope this work
offers a new perspective on LLM post-training, suggesting that a unified paradigm
that judiciously integrates demonstration and exploration could be a promising
direction for future research.

1 INTRODUCTION

LLM post-training is primarily accomplished through two distinct paradigms: supervised fine-tuning
(SFT) and reinforcement fine-tuning (RFT). SFT adapts pre-trained models by continuing to train
them on curated datasets of labeled examples. Its strength lies in its simplicity in training: mimic the
"correct" demonstrations provided in the fine-tuning dataset. it is thus highly effective for teaching
models to follow instructions (Peng et al., 2023) and perform other downstream tasks (Wei et al.,
2022; Zhu et al., 2025; Huang et al., 2024). However, SFT is fundamentally a form of behavioral
cloning. The approach can lead to a problematic generalization when the model adopts solution
paths that may be suboptimal or distant from its distribution (Chu et al., 2025a; Chen et al., 2025a).
Compounded by the exposure bias inherent in the training method, the model’s robustness can be
hampered, especially in complex tasks such as reasoning (Xie et al., 2024).

The emergence of reinforcement fine-tuning (RFT) has been pivotal in moving beyond the limitations
of SFT and further elevating model capabilities. This next step in post-training allows a model to
learn from a more dynamic and nuanced feedback signal (a.k.a. reward) than the static examples used
in SFT. More recently, this paradigm has been extended to reinforcement learning from verifiable
rewards (RLVR), where the reward depends on producing the correct verifiable answer (Hu et al.,
2025; Xie et al., 2025). Recent large reasoning models, such as OpenAI-o1 (Jaech et al., 2024) and
DeepSeek-R1 (Guo et al., 2025), demonstrated the promise of this approach. By using reinforcement
learning to optimize for verifiable outcomes, these models have effectively solved problems previously
considered intractable, such as competition-level math (Li et al., 2024) and coding problems (Jain
et al., 2024). Despite these successes, the RFT paradigm is not uncontentious and faces its own
challenges: First, the learning signal from rewards is often sparse; for complex, multi-step tasks,
it is difficult to assign credit to the specific tokens that led to a successful outcome, resulting in
unexpected behaviors like language mixing after training (Guo et al., 2025; Yuan et al., 2025).
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Moreover, its effectiveness is highly dependent on the strength of the initial policy (Yue et al., 2025a;
Zhao et al., 2025). The process arguably refines and aligns existing capabilities rather than instilling
new knowledge (Liu et al., 2025d), leading some work to question whether RL can truly raise a
model’s intrinsic capability ceiling (Chu et al., 2025b; Liu et al., 2025a; Yue et al., 2025b; Cheng
et al., 2025). The gains from RFT, while significant, may stem from perfecting what the model has
already learned during pre-training and SFT (Wang et al., 2025b; Gandhi et al., 2025).

In total, SFT provides crucial dense supervision for injecting knowledge that a model cannot discover
on its own. RFT, by contrast, targets actual competence but is tethered to the capabilities of the
model. This establishes their core complementarity: SFT acts as the mechanism to expand the
model’s knowledge boundary, elevating RFT’s capability ceiling, while RFT provides the goal-
oriented training objective necessary to steer the model from behavioral cloning towards robust
problem-solving. In practice, this synergy is already leveraged (if imperfectly), with a ‘cold start’
phase of SFT typically preceding RFT (Guo et al., 2025; Liu & Zhang, 2025). Yet, this is more
of a heuristic than a principled strategy. The question of what defines an optimal initial policy for
RFT remains open, and the interplay between the two stages and training paradigms is still to be
understood. This motivates our central research question: How can we move beyond an empirical,
sequential pipeline and develop a framework that formally integrates the process supervision of SFT
with the goal-oriented optimization of RFT?

To bridge this gap, we first present a unified view of SFT and RFT, suggesting that they share a
consistent optimization structure. We then introduce Prefix Reinforcement Finetuning (Prefix-RFT)
as a hybrid post-training approach to incorporate offline demonstration datasets into the RFT training.
Specifically, we sample a prefix from the demonstration and task the policy with generating its
continuation. This composite sequence—an off-policy prefix followed by the on-policy continuation—
is then treated as a trajectory and used alongside standard model rollouts in the RFT update step.
The core intuitions behind Prefix-RFT are twofold: (1) Compared to RFT, a high-quality prefix
serves as a powerful guiding mechanism for exploration. If a hybrid trajectory yields a higher reward,
the corresponding prefix is naturally reinforced into the model. (2) Compared to SFT, Prefix-RFT
keeps RFT’s problem-solving training objective. Meanwhile, by providing only the initial part of the
solution, Prefix-RFT grants the model constrained autonomy: it starts by following a promising path
but still has the flexibility to discover a superior continuation, thus leveraging demonstration data for
guidance without being rigidly constrained by it.

We choose math reasoning problems as the test bed for our proposed method. Despite its simplicity,
our empirical results demonstrate that the Prefix-RFT outperforms naïve SFT, RFT, the two-staged
SFT-then-RFT baselines, and other recent parallel works (Yan et al., 2025; Ma et al., 2025). We also
validate our method across different model scales, model families, and demonstration quantities and
qualities. Our further analysis reveals that Prefix-RFT enables the model to solve problems where the
RFT struggles and also pushes the model to learn more from demonstration for challenging problems
compared to easier ones. Taken together, our work reconsiders the view that treats SFT and RFT as
two distinct and consecutive stages, suggesting that a more integrated approach to combining both
learning paradigms could be a promising and valuable direction.

2 A UNIFIED VIEW ON SFT AND RFT TRAINING OBJECTIVES

In the mainstream LLM training pipeline, SFT and RFT are typically regarded as two distinct stages,
each with its own objectives and methodologies. This section is intended to demonstrate that, despite
originating from different theoretical foundations, the core dynamics of their parameter updates are
inherently consistent. For simplicity, we only consider the training objective and its gradient for one
data point, i.e., one response in SFT or one rollout in RFT. We use t to denote the token index in that
data point and use the πθ to represent the optimized model.

SFT The SFT training objective seeks to imitate high-quality expert demonstrations by minimizing
the negative log-likelihood. The data point could be human expert-written demonstrations or outputs
from a superior model, which we can say are sampled from an offline expert policy, πoff. Thus, for a
model πθ, a prompt x, and a demonstration y∗ ∼ πoff(·|x), the SFT loss and its gradient are

LSFT(θ) = − log πθ(y
∗|x) ⇒ ∇θLSFT = −

∑
t

∇θ log πθ(y
∗
t |x, y∗<t)

2
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The gradient ∇θLSFT provides a low-variance signal that pushes the model πθ directly towards the
expert data distribution πoff, which is usually not directly accessible in practice.

Policy Gradient On the other hand, RFT methods use the current policy πθ to generate the rollout
y ∼ πθ(·|x) and collect rewards, then use these samples to compute the policy gradient to update the
policy model πθ (Sutton et al., 1999). Specifically, for LLM post-training, we can treat each token
generation as a separate action. Thus, the policy gradient we use to update πθ is

∇θLRFT-PG =
∑
t

Ât∇θ log πθ(yt|x, y<t)

where Ât is the estimated advantage for generating the token yt, and is usually the same for all tokens
in the response when applying value-model free RFT algorithms like GRPO (Shao et al., 2024). The
two terms essentially decides how much and in which direction to update the policy.

PPO Training Objective The vanilla policy gradient is strictly on-policy. To improve sample
efficiency, RFT for LLMs generally employs the Proximal Policy Optimization (PPO) style objec-
tive (Schulman et al., 2017; Shao et al., 2024). The core idea is to enable multiple gradient updates
with the collected samples, i.e., the sample generated by the “old” policy πθold(·|x) is used to update
the current policy πθ(·|x). Leveraging the importance sampling to correct the distribution shift and
the clipping technique, the PPO training objective LRFT-PPO(θ) can be expressed as:

LRFT-PPO(θ) =
∑
t

min
[
rt · Ât, clip (rt, 1− ϵ, 1 + ϵ) · Ât

]
where rt =

πθ(yt|x,y<t)
πθold (yt|x,y<t)

is the ratio between πθ and πθold . Thus, its gradient is calculated as

∇θLRFT-PPO =
∑
t

I
(
{Ât > 0 and rt ≤ 1 + ϵ} or {Ât < 0 and rt ≥ 1− ϵ}

)
Ât∇θrt(θ)

=
∑
t

Iclip(rt, Ât)Ât∇θrt =
∑
t

Iclip(rt, Ât)Âtrt ∇θ log πθ(yt|x, y<t)

Comparing ∇θLSFT, ∇θLRFT-PG and ∇θLRFT-PPO, all methods function by applying a gradient to
the log probability of a sequence, where ∇θLSFT updates the log probability of an expert sequence
y∗, implicitly treating its advantage as 1. ∇θLRFT-PG, weighted by the advantage Ât, leads the
model to adjust the log probability of the trial-and-error-discovered trajectories. ∇θLRFT-PPO takes
one step further. The gradient of the log probability is multiplied by a dynamic, per-token weight
Iclip(rt, Ât)Âtrt where the clipping Iclip(rt, Ât) penalizes large policy changes.

Hybrid Approach Given this inherent consistency, we propose a hybrid post-training objective
for blending SFT and RFT. Consider a set of N responses {y(1), . . . , y(N)} for a prompt x. These
responses may originate entirely from the online policy πθold , the offline expert policy πoff, or a
composition of both. For the i-th response, we partition the token indices into two sets: T (i)

exp

for tokens generated by the model (exploration) and T (i)
imit for tokens from offline demonstrations

(imitation). The gradient used to optimize the policy is formulated as:

∇θLHybrid = − 1

N

N∑
i=1

∑
t∈T (i)

exp

αi,t∇θ log πθ(y
(i)
t |x, y(i)<t)

︸ ︷︷ ︸
learning from exploration

+
∑

t∈T (i)
imit

βi,t∇θ log πθ(y
(i)
t |x, y(i)<t)

︸ ︷︷ ︸
learning from imitation

(1)

where αi,t and βi,t represent the specific weights assigned to the t-th token of the i-th response.

3 PREFIX REINFORCEMENT FINE-TUNING

Our motivation stems from the complementarity between RFT and SFT learning paradigms. Specifi-
cally, the optimization goal for SFT is to push the model to fit the target distribution. When training
LLMs, SFT may provide overly restricted supervision, i.e., mimicking every single token. Thus, some-
times the training signal poorly aligns with the performance of downstream tasks. However, SFT still

3
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Prefix Sampling

A problem x 
A demonstration y*   Advantage

Estimation 

Policy Gradient

Entropy-based Clipping

Figure 1: The Prefix-RFT does minimal modification to the exist-
ing RFT training pipeline. Given a problem and a demonstration,
a prefix is sampled to guide the online continuation. The concate-
nated sequence yn is mixed with other online rollouts to perform
RFT-style training. We also utilize an entropy-based clipping strat-
egy to constrain the update on demonstration.

provides reliable optimization direc-
tions and ensures the model captures
accurate problem-solving patterns in
the high-quality data. On the contrary,
RFT uses generations from the model
itself to gently carve the model’s
behaviors. Although promising re-
sults have been achieved, recent re-
search raises questions about whether
it could truly lift the upper bound of
the base policy, indicating that the ab-
sence of explicit external guidance on
the exploration may heavily restrict
how far we can go with pure RFT.

By combining them into a hybrid fine-tuning framework, we aim to benefit from SFT’s stable
knowledge acquisition while leveraging the exploratory power of reinforcement learning. As shown
in the Fig. 1, Prefix-RFT is to use offline demonstration prefixes y∗<L as guiding hints and then mix
prefixes with its on-policy continuation and other on-policy rollouts to perform RFT-style training.
Given a prompt x and a demonstration y∗, we start as in a standard RFT pipeline by generating N − 1
online rollouts {y(1), . . . , y(N−1)} with the current policy πθold . For the N -th sequence, we truncate
y∗ to a prefix y∗<L and use πθold to sample its continuation y≥L. We then stitch the y∗<L and y≥L to
form the hybrid trajectory y(N). All sequences are used to estimate advantages Ât. We follow the
unified view in Eq. 1 by setting the token-specific weights αi,t = βi,t = Iclip(rt, Ât)Âtrt, where rt
is the standard PPO probability ratio. Consequently, the gradient update becomes:

∇θLPRFT = − 1

N


N−1∑
i=1

∑
t

WPPO
i,t ∇ log π +

∑
t≥L

WPPO
N,t∇ log π︸ ︷︷ ︸

Exploration: Standard Rollouts + Continuation

+
∑
t<L

WPPO
N,t∇ log π︸ ︷︷ ︸

Imitation: Prefix Guidance

 (2)

where WPPO
i,t denotes the clipped PPO weight Iclip(rt, Ât)Âtrt. This formulation highlights that while

the prefix tokens (t < L) originate from the offline expert, they are reinforced using the advantage
estimated from the full hybrid trajectory. The intuition behind prefix sampling is to provide the model
with partial guidance, allowing the policy model to explore the continuation rather than enforcing the
model to mimic the entire sequence. Employing the same ratio and the clipping mechanism as in
PPO, we penalize the large updates from the demonstration data. Meanwhile, the advantage assigned
can indicate the value of the given prefix. Therefore, for prompts where the model does not perform
well, the high-quality prefix will receive higher gradient weights, enabling the model to benefit more
updates from this partial demonstration.

Entropy-based Clipping for Constrained Update on Demonstrations In practice, πoff may be far
from the current policy. The probability πθ of offline tokens is therefore generally low. In this case,
the gradient of demonstrations could be significantly larger than the RFT gradients (as illustrated in
Table 6), potentially dominating the optimization process and preventing the model from learning via
RFT. To this end, we propose an entropy-based clipping approach, i.e., only involving the top-k%
high-entropy demonstration tokens in the gradient calculation. Regarding implementation, we directly
set the corresponding advantages of all other tokens to zero, thereby removing their contribution to
the gradient. Our intuition behind the proposed strategy is twofold: First, a high entropy suggests
that the output logits are relatively flat. Thus, only updating with these high-entropy tokens helps
avoid too sharp distribution shifts and very large gradients. Second, a high entropy also indicates that
the current policy πθ is uncertain about the next generated token; these tokens could serve as critical
junctures where the model is likely to deviate from the expected behavior and where reinforcement is
needed (Wang et al., 2025a).

Controlling Prefix Length with Cosine Decay Scheduler In practice, we use a variable l ∈ [0, 1]
to determine the prefix length as L = ⌊l · |y∗|⌋. If l ∼ U(0, 1), the model naturally has a higher
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Table 1: Main experiment results on math and general reasoning benchmarks based on Qwen2.5-
Math-7B. Bold and underline indicate the best and second-best results, respectively.

Model Math Reasoning Performance General Domain Reasoning Performance

AIME 24/25 AMC MATH-500 Minerva Olympiad Avg. ARC-c GPQA∗ MMLU-Pro Avg.

Qwen2.5-Math-7B 11.5/4.9 31.3 43.6 7.4 15.6 19.0 18.2 11.1 16.9 15.4

Previous RFT Results

SimpleRL-Zero 27.0/6.8 54.9 76.0 25.0 34.7 37.4 30.2 23.2 34.5 29.3
Oat-Zero 33.4/11.9 61.2 78.0 34.6 43.4 43.7 70.1 23.7 41.7 45.2

Baselines Using the Same Dataset and Base Model

RFT 25.1/15.3 62.0 84.4 39.3 46.8 45.5 82.3 40.4 49.3 57.3
SFT 22.2/22.3 52.8 82.6 40.8 43.7 44.1 75.2 24.7 42.7 47.5
RL w/ SFT Loss 19.5/16.4 49.7 80.4 34.9 39.4 40.1 71.2 23.7 43.2 46.0
SFT+RFT 25.8/23.1 62.7 87.2 39.7 50.4 48.2 72.4 24.2 37.7 44.8
UFT 20.8/16.5 58.8 83.8 33.8 51.6 44.2 83.4 34.5 49.4 55.8
ReLIFT 28.2/20.1 64.9 87.4 33.8 52.5 47.8 76.2 37.9 52.5 55.5
LUFFY 29.4/23.1 65.6 87.6 37.5 57.2 50.1 80.5 39.9 53.0 57.8

Our Method

Prefix-RFT 31.8/26.4 68.2 88.4 40.3 55.7 51.8 84.0 39.1 52.1 58.4

chance of accessing early tokens in the demonstration. However, specific skills, such as drawing
conclusions or summarizing, are usually located at the end of the sequence. To alleviate this position
bias, we propose using a cosine decay scheduler to control the prefix length. Specifically, the length
variable l is randomly sampled from U(low, high), where high is a constant and low decreases from
high to near zero throughout the entire training. The design not only mitigates the position bias issue
but also aligns with the existing standard SFT-and-then-RFT recipe. It also naturally introduces the
curriculum learning schedule into the training.

Parallel Works Note that several parallel works share a similar motivation to incorporate the offline
dataset into RFT training. LUFFY (Yan et al., 2025) mixes the entire offline data with other on-policy
rollouts to perform RFT-style training. More similar to us, UFT (Liu et al., 2025b) first samples
a prefix from the demonstration, then uses SFT loss on the prefix with a static small weight and
RFT loss on the on-policy continuations. ReLIFT (Ma et al., 2025) incorporates a staged method
to interleave SFT and RFT, with the SFT focusing on challenging problems that RFT cannot solve.
Compared with these methods, our approach is distinguished by its practicability, simplicity, and
ease of integration into existing RFT pipelines. More discussions of related works and a detailed
comparison with these parallel works can be found in Appendix A.1.

4 MAIN EXPERIMENTS

Experiment Settings and Baselines We employ math reasoning as the test playground due to
access to reliable and inexpensive verifiers. Our training data is a length-filtered subset Yan et al.
(2025) of the OpenR1-Math-220K dataset (Face, 2025), comprising approximately 46k problems,
each problem equipped with a demonstration generated by DeepSeek-R1. We use Qwen2.5-Math-
7B (Yang et al., 2024) as our base model. The evaluation and other training details are included in
the Appendix A.2. We compare with the following baselines: (1) Previous RFT recipes, including
Simple-RL (Zeng et al., 2025) and Oat-Zero (Liu et al., 2025d). (2) For a fair comparison, all the
following baselines use the same base model and the same dataset. The difference solely lies in how
to incorporate offline data points. These baselines include RFT, SFT, RFT w/ SFT Loss that directly
employs SFT loss on the off-policy data during RFT training, SFT + RL that continues RFT training
with SFTed model. Concurrent work ReLIFT, UFT, and LUFFY are also included as our baselines.

Main Results The results are shown in the Tab. 1. Our observations and conclusions are as follows:
(1) The pure RFT baseline in our setting already achieves strong performance compared to established
Zero-RL results, validating that the setting and comparison of our experiments are solid. (2) In our
setting, the RFT and SFT baselines achieve similar performance, while SFT+RFT is significantly
better. In particular, SFT contributes more on most challenging benchmarks (i.e. AIME25), RFT
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benefits more on datasets where the base model already has moderate performance (i.e. AMC and
MATH500), and SFT+RFT achieves a better balance, highlighting our motivation that those two
learning paradigms could complement each other and could be better blended. (3) The joint training
method RL /w SFT Loss is counterproductive. (4) Though utilizing less demonstration data, the
multi-staged method like ReLIFT does not necessarily achieve better performance than the simple
two-staged SFT+RFT baseline. This may be because the interleaved method requires more careful
hyperparameter tuning to ensure the performance. This also highlights the need for a hybrid approach
to stably exploit the offline dataset during RFT. (5) Despite its simplicity, Prefix-RFT performs
well on six math reasoning benchmarks and three general domain reasoning tasks, significantly
outperforming all baselines and achieving comparable performance with concurrent work LUFFY.
We also experiment with a smaller model, Qwen2.5-Math-1.5B, and a base model from a different
family, LLaMA-3.1-8B. The results clearly indicate the superior performance of our method. To
highlight, our method achieves 41.0 with the Qwen 1.5B model (14.5 with Llama 8B) compared with
38.0 (13.2) from the LUFFY method. Dailed results can be found in Appendix A.3.

5 ANALYSIS

To better validate the underlying mechanisms of our proposed method, we investigate the following
two questions: (1) Does Prefix-RFT effectively synthesize the distinct training paradigms of SFT
and RFT? (2) Does Prefix-RFT dynamically adjust its learning strategy during different training
stages and when faced with problems of varying difficulty? The detailed settings for our analysis
experiments are as follows. Most analysis experiments are based on Qwen2.5-Math-1.5B. We employ
Deepseek-Distill-r1-1.5B as πoff to generate eight responses per problem. To perform multi-epoch
RFT training with the limited computation budget, we sample 16k problems from the original dataset
as the new training set Train16k. We ensure that every prompt has at least one correct demonstration.
We use a batch size of 128 to perform 640 training steps, resulting in 5 epochs for each method. We
use the learning rate of 5e-5 for SFT and 1e-6 for RFT and Prefix-RFT . All different analysis metrics
are calculated with a 2k subset from Train16k, noted as Train2k. To study the model’s behavior on
problems that the pure RFT struggles to solve, we use checkpoints from another RFT run to identify
256 problems and note this subset as Trainhard.

5.1 DOES PREFIX-RFT BRIDGE SFT AND RFT?

To answer this question, we calculate three metrics to measure the model’s state during the training
with Train2k: (1) the Avg@16 score, which estimates the model’s task performance; (2) the Best@16
score, which estimates the model’s problem-solving potential after training; and (3) the SFT loss on
the provided demonstrations that estimate the distribution gaps between the model and πoff. These
results are summarized in the Fig. 2. And our key observations are as follows.

Comparing SFT and RFT As mentioned above, SFT and RFT present distinct training paradigms,
with the former focusing on minimizing the likelihood of the given demonstration and the latter
directly optimizing for task performance. Our results suggest that (1) The SFT could initially damage
the model’s performance and then rebuild it (the performance of the second checkpoint is lower
than that of the initial one). Mimicking external demonstrations, the SFT-ed model has the potential
to find the solution path for nearly all training problems (best@16 of 0.96), but cannot robustly
solve them (avg@16 of 0.52). (2) On the contrary, our results indicate that RFT model achieves
better overall performance (0.61 for RFT v.s. 0.52 for SFT regarding avg@16) but can be limited
by the ability of the initial policy (0.85 for SFT v.s. 0.14 for RFT regarding best@16 on Trainhard).
Furthermore, the best@16 converges much faster than avg@16, implying RFT admits a discover-
and-gradually-reinforce learning strategy. (3) During the RFT training, the model keeps deviating
from the demonstration distribution (loss on demonstration increased from 0.67 to 0.81), proving that
SFT’s training objective—loss on demonstration—can sometimes be a poor predictor of the exact
task performance. In total, all these observations reflect the pros and cons of the two method and
their complementarity, justifying our motivation for blending both learning paradigms.

Prefix-RFT makes the best of both worlds (to some extent) Our results demonstrate the superiority
of Prefix-RFT . Compared to RFT, Prefix-RFT not only achieves higher avg@16, best@16, and
a lower loss on demonstration, but also shows notable performance gains on problems previously
intractable for RFT. Notably, our approach effectively aligns with the offline expert distribution,
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(a) Training trajectories on the Train2k. The figure highlights the distinct learning objectives
and paradigms of SFT and RFT, and indicates that Prefix-RFT effectively blends both methods
regarding training objectives.

0.4 0.5 0.6 0.7 0.8
Loss on Demontrations

0.00

0.05

0.10

0.15

0.20

Av
g@

16

 Prefix-RFT
 Final: (0.45, 0.14)

 RFT
 Final: (0.80, 0.01)

 SFT
 Final: (0.35, 0.23)

0.4 0.5 0.6 0.7 0.8
Loss on Demontrations

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

Be
st

@
16

 Prefix-RFT
 Final: (0.45, 0.60)

 RFT
 Final: (0.80, 0.14)

 SFT
 Final: (0.35, 0.85)

(b) Training trajectories on the Trainhard. It shows that the RFT method keeps struggling with
these unsolvable problems during the training, and Prefix-RFT can achieve higher scores,
effectively elevating the upper bound of the RFT tuning.

Figure 2: Training trajectories of SFT, RFT, and Prefix-RFT. The x-axis denotes the SFT loss on the demonstra-
tions. The y-axis represents the Avg@16 and Best@16 scores. The final step is marked with the yellow star,
annotated using the final SFT loss and the final score.

despite only fine-tuning on the top 20% of high-entropy tokens. We posit that the observed gap in final
loss between Prefix-RFT (0.45) and SFT (0.35) is likely attributable to variances in hyperparameter
settings rather than fundamental methodological differences. To investigate this, we conducted
preliminary tests on hyperparameter sensitivity. For instance, training SFT with a lower learning rate
of 1e-6 results in a final loss of approximately 0.42. Conversely, applying a higher learning rate of
5e-5 to RFT leads to training instability and eventual model collapse. These findings underscore that
identifying optimal hyperparameters presents a significant challenge for unified training frameworks,
which we designate as an avenue for future work. Furthermore, a performance gap persists between
Prefix-RFT and SFT on the Trainhard dataset, indicating that there is still space for improvement.

5.2 ADVANTAGE-DRIVEN UPDATES INDUCE DYNAMIC TRANSITION BETWEEN SFT AND RFT

As discussed in Sec. 3, the advantage assigned to a hybrid sequence serves as a proxy for its prefix’s
utility. This advantage dynamically adjusts the prefix’s influence on the training update, thereby
inducing a transition between SFT and RFT. We find that this transition manifests at both the level of
overall training dynamics and the level of individual examples. In this subsection, we first illustrate
the evolution of prefix advantages throughout the training process and then examine the relationship
between the loss on demonstrations and problem difficulty.

Overall training level Fig. 3a shows the training dynamics of the Qwen2.5-Math-1.5B and
Qwen2.5-Math-7B. The graphs plot the average reward of rollouts initiated with a prefix and the
overall training reward. According to the definition of advantage calculation in GRPO algorithms,
the shaded area between these two curves roughly represents the accumulated advantage assigned to
the prefix. Here are our observations: (1) Both models demonstrate a remarkable ability to quickly
leverage the provided prefix. The "Reward with Prefix" score surges in the initial phase, with the 7B
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(a) Average reward of rollouts with a prefix and the over-
all reward. The shaded area represents the advantage
assigned to the prefix. As the advantage diminishes,
the training gradually transitions from SFT to RFT.
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(b) The change in SFT loss on problems of varying
difficulties, suggesting Prefix-RFT provides more su-
pervision for more challenging problems.

Figure 3: Our analysis reveals that the advantage-driven update effectively induces desirable transitions between
SFT and RFT, at both the level of overall training dynamics and individual examples.

model approaching a near-perfect score of 1.0 within the first 100 training steps. (2) Owing to the
cosine decay scheduler, the average reward with the prefix slightly decreases. The behavior is clearer
for the 1.5B model, suggesting that the smaller model is more sensitive to changes in prefix length.
(3) The gap between the two average rewards stays positive and gradually narrows down through the
training. This diminishing advantage signifies that the model’s reliance on the prefix decreases as
its own generative reasoning capabilities improve. From the perspective of the gradient, this trend
reflects a smooth and desirable transition from SFT to RFT during the training process.

Individual example level We then investigate whether such a transition also exists at the example
level. We analyze the change in SFT loss on demonstration for problems of varying difficulty. This
analysis focuses on the training interval from the first epoch to the third epoch, a phase chosen
to bypass the initial rapid convergence and the subsequent performance saturation in later stages.
Figure 3b presents the primary results of this analysis. Each point in the scatter plot corresponds
to a unique problem instance, plotting its difficulty against the observed SFT loss change. Problem
difficulty (x-axis) is quantified as the model’s mean solution accuracy, evaluated with the multiple
saved checkpoints from the 2nd epoch to the 3rd epoch. A lower accuracy thus indicates a more
challenging problem. The y-axis represents the change in SFT loss on the provided demonstrations,
calculated as ∆loss = Loss@384−Loss@128. A more negative value signifies more learning pressure
from demonstration loss. The LOWESS-fitted trend line reveals a clear positive correlation: as mean
accuracy increases, the change in SFT loss becomes less negative. This observation indicates that
the model achieves a substantially larger loss reduction—and thus learns more intensively from the
demonstrations—for problems it finds more challenging (i.e., those with lower accuracy). Conversely,
for easier problems where the model already achieves high accuracy, the SFT loss reduction is
marginal. This suggests that the model relies less on the demonstrations and more on its own problem-
solving abilities. This finding elucidates a key mechanism of our approach: it facilitates a dynamic,
example-level transition between reliance on demonstrations and self-exploration.

6 ABLATION STUDIES

Entropy-based Clipping To validate the effect of entropy-based clipping, we compare five different
approaches. Our primary method, labeled top 20%, updates the model using only the 20% of prefix
tokens with the highest entropy. We compare this against four variants. Two of these, top 50% and
top 80%, maintain the high-entropy selection strategy but relax the clipping ratio to 50% and 80%,
respectively. The other two variants serve as controls: random 20% selects tokens randomly, while
bottom 20% selects the 20% of tokens with the lowest entropy. All variants were trained for 300 steps,
during which we monitored training response length, training reward, and benchmark performance.

The results clearly demonstrate the superiority of the top 20% strategy. Regarding benchmark
performance, the top 20% variant exhibits a stable upward trend, achieving the highest score of
approximately 50% after 300 steps and the highest training reward. Its superior performance was
achieved while generating the shortest training response length (2k–2.5k tokens). In contrast, relaxing
the clipping ratio ( top 50% or 80%) or altering the selection method (random or bottom) leads to
diminished performance and greater instability. These results confirm our core intuition about the
clipping strategy: (1) The update on demonstrations should be constrained: When an offline dataset
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Figure 4: Ablation study results on the entropy-based clipping strategy. From left to right: training
response length, training reward, and benchmark performance. Our proposed strategy, top 20%,
consistently outperforms other variants.

is significantly off-policy, the gradients from the prefix tokens can overwhelm those from on-policy
tokens. This can cause the training to degenerate into simple SFT on the prefix data. This phenomenon
is evident in the top 80% variant, which quickly overfits to the superficial feature of response length
from the demonstrations rather than optimizing for task performance. This finding aligns with our
preliminary experiments on using multiple prefixes (sampled from the same demonstration) for a
single problem (similar to UFT). The hybrid approach becomes counterproductive in this case, as the
model struggles to balance both learning signals. (2) High-entropy tokens provide richer learning
signal: Merely constraining the update ratio is insufficient; the strategy for selecting tokens is crucial.
As shown in the figure, the random 20% is only a delaying tactic and is ineffective at preventing the
policy from overfitting to the demonstrations. The bottom 20% strategy was even worse, proving
detrimental to both training reward and benchmark performance. This confirms that focusing on
high-entropy tokens is essential for effective learning.
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Figure 5: Effect of the scheduling strategy on benchmark
performance and training dynamics. Left: Performance
comparison between the proposed cosine decay scheduler
and the baseline Uniform Scheduler. Right: Training re-
ward dynamics when employing the Uniform Scheduler.

Decay Scheduler To investigate the effect of
the proposed cosine decay scheduler, we con-
duct an ablation study comparing it against a
Uniform Scheduler baseline: sampling the vari-
able l uniformly from the [0.05, 0.95] through-
out the entire training. The experiments are
performed on both the Qwen2.5-Math-7B and
1.5B models. As illustrated in Fig. 5 (left),
using the Uniform Scheduler results in perfor-
mance degradation across all benchmarks. Be-
yond mitigating potential positional bias, our
proposed cosine decay scheduler also more ef-
fectively modulates the training dynamics. As
shown in Fig. 5 (right), under the uniform schedule, the gap between the prefix-initiated and the
overall reward is initially small and gradually widens, which is in contrast to the pattern observed in
Fig. 3a, suggesting that our cosine decay scheduler better incentivizes the model to learn from the
demonstration, particularly during the initial training phase.

Results on more models In addition to Qwen2.5-Math-7B, we also test our method on Qwen2.5-
Math-1.5B, LLaMA-3.1-8B, and Qwen3-1.7B-Base. The training settings for LLaMA models follow
exactly (Yan et al., 2025). Our baselines include SFT, RFT, LUFFY, and ReLIFT. The performance
on the six math reasoning problems is summarized in Tab. 2. The results clearly indicate that the
Prefix-RFT achieves superior performance on both models, regardless of their distinct architectures,
scales, and initial capabilities. On the Qwen2.5-Math-1.5B model, Prefix-RFT achieved an average
score of 41.1, significantly outperforming the next-best method, LUFFY, as well as the conventional
SFT and RFT methods. A similar trend was observed on the LLaMA-3.1-8B and Qwen3-1.7B-base
models, validating its effectiveness and robustness.

Data-limited Scenarios Compared with RFT, Prefix-RFT requires extra demonstrations. Since
acquiring such data can be prohibitively expensive, either from human experts or a superior model,
we investigate the method’s performance under two data-constrained scenarios to assess its real-world
viability: (1) limited demonstration quantity, using 10% (4.5k) and 1% (0.45k) of the training data;
and (2) suboptimal demonstration quality, with demonstrations generated by DeepseekR1 distillation
series models of varying sizes (1.5B to 32B). All experiments use the Qwen2.5-Math-1.5B model,
with results detailed in Table 3. The analysis shows that even under these strict constraints, all variants
of Prefix-RFT still significantly outperform the SFT and RFT baselines. Regarding data quantity,
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Table 2: Performance on Qwen2.5-Math-1.5B and LLaMa-3.1-8B as base model

Model AIME 24/25 AMC MATH-500 Minerva Olympiad Avg.
Qwen2.5-Math-1.5B-Base

SFT 11.7/13.2 37.8 70.6 26.8 31.3 31.9
RFT 11.8/7.7 40.2 61.8 26.8 32.0 30.0
ReLIFT 14.3/10.0 40.9 76.4 25.2 39.6 34.4
LUFFY 16.0/13.1 47.1 80.2 30.5 41.0 38.0
Prefix-RFT 17.7/17.7 50.5 81.4 32.7 46.5 41.1

LLaMA-3.1-8B-Base
SFT 0.5/0.1 5.4 20.2 4.0 5.3 5.9
LUFFY 1.9/0.1 13.5 39.0 15.1 9.6 13.2
ReLIFT 1.3/0.2 11.9 35.2 - 11.0 -
Prefix-RFT 1.3/1.5 13.3 40.6 18.1 11.9 14.5

Qwen3-Math-1.7B-Base
SFT 10.0/10.4 34.5 66.6 24.6 27.2 28.9
RFT 11.6 /4.5 35.4 68.4 30.1 31.9 30.3
Prefix-RFT 10.0/8.1 36.3 74.2 32.7 35.3 32.8

Table 3: Ablation study for Prefix-RFT on the Qwen2.5-Math-1.5B model. Results show that Prefix-
RFT substantially outperforms SFT and RFT baselines while demonstrating strong data efficiency
and remarkable robustness to the quality of demonstration generators.

AIME 24/25 AMC MATH-500 Minerva Olympiad Avg.

SFT 11.7/13.2 37.8 70.6 26.8 31.3 31.9
RFT 11.8/7.7 40.2 61.8 26.8 32.0 30.0
Prefix-RFT 17.7/17.1 50.5 81.4 32.7 46.5 41.1

Ablations on different demonstration sizes

Data size 4.5k 17.8/15.9 49.7 79.0 35.3 46.8 40.8
Data size 0.45k 15.2/11.8 46.3 76.0 33.5 42.8 37.6

Ablations on different demonstration generators

Deepseek-R1-distill-32B 18.1/15.3 50.9 81.2 34.2 43.7 40.6
Deepseek-R1-distill-7B 18.1/15.9 49 79.8 36.4 44.9 40.7
Deepseek-R1-distill-1.5B 15.9/12.6 47.7 79 37.1 46.2 39.8

reducing the training set by 99% (from 45k to 0.45k samples) results in only a moderate performance
drop (40.8 to 37.6), highlighting its data efficiency. The method also shows remarkable robustness to
demonstration quality, as performance is nearly identical when using a 1.5B generator versus a 32B
one. We note, however, that the most challenging benchmarks, such as AIME, are the most affected
by these limitations, indicating that high-quality, large-scale demonstration data remains beneficial
for tackling top-difficulty problems.

7 CONCLUSION

Motivated by the complementarity of SFT and RFT learning paradigms, this work presents Prefix-
RFT to blend them via sampling prefixes from offline demonstrations as hints. Prefix-RFT is
simple yet effective, outperforming the naive SFT, RFT, the two-staged SFT-then-RFT, and other
parallel works. The method is further validated across different model scales, families, and varying
demonstration quantities and qualities to indicate its robustness. Further analysis highlights that
Prefix-RFT effectively guides the model to solve problems that are unlearnable to pure RFT, striking a
sweet spot between RFT (by providing supervision where it’s most needed) and SFT (by incorporating
a goal-oriented training objective). We argue that a hybrid post-training approach is crucial for training
more powerful, accessible, and agentic models, as it enables learning from a broader range of data
sources. This work represents an initial endeavor, proposing a foundational framework that we hope
will be elaborated upon in future research.

10



540
541
542
543
544
545
546
547
548
549
550
551
552
553
554
555
556
557
558
559
560
561
562
563
564
565
566
567
568
569
570
571
572
573
574
575
576
577
578
579
580
581
582
583
584
585
586
587
588
589
590
591
592
593

Under review as a conference paper at ICLR 2026

REFERENCES

Philip J. Ball, Laura M. Smith, Ilya Kostrikov, and Sergey Levine. Efficient online reinforcement
learning with offline data. In International Conference on Machine Learning, ICML 2023, 23-29
July 2023, Honolulu, Hawaii, USA, volume 202 of Proceedings of Machine Learning Research, pp.
1577–1594. PMLR, 2023. URL https://proceedings.mlr.press/v202/ball23a.
html.

Hongyi James Cai, Junlin Wang, Xiaoyin Chen, and Bhuwan Dhingra. How much backtracking
is enough? exploring the interplay of sft and rl in enhancing llm reasoning. arXiv preprint
arXiv:2505.24273, 2025.

Jonathan D Chang, Wenhao Zhan, Owen Oertell, Kianté Brantley, Dipendra Misra, Jason D Lee, and
Wen Sun. Dataset reset policy optimization for rlhf. arXiv preprint arXiv:2404.08495, 2024.

Hardy Chen, Haoqin Tu, Fali Wang, Hui Liu, Xianfeng Tang, Xinya Du, Yuyin Zhou, and Cihang
Xie. SFT or rl? an early investigation into training r1-like reasoning large vision-language mod-
els. CoRR, abs/2504.11468, 2025a. URL https://doi.org/10.48550/arXiv.2504.
11468.

Jack Chen, Fazhong Liu, Naruto Liu, Yuhan Luo, Erqu Qin, Harry Zheng, Tian Dong, Haojin
Zhu, Yan Meng, and Xiao Wang. Step-wise adaptive integration of supervised fine-tuning and
reinforcement learning for task-specific llms. arXiv preprint arXiv:2505.13026, 2025b.

Zhoujun Cheng, Shibo Hao, Tianyang Liu, Fan Zhou, Yutao Xie, Feng Yao, Yuexin Bian, Yonghao
Zhuang, Nilabjo Dey, Yuheng Zha, et al. Revisiting reinforcement learning for llm reasoning from
a cross-domain perspective. arXiv preprint arXiv:2506.14965, 2025.

Tianzhe Chu, Yuexiang Zhai, Jihan Yang, Shengbang Tong, Saining Xie, Dale Schuurmans, Quoc V.
Le, Sergey Levine, and Yi Ma. SFT memorizes, RL generalizes: A comparative study of foundation
model post-training. CoRR, abs/2501.17161, 2025a.

Tianzhe Chu, Yuexiang Zhai, Jihan Yang, Shengbang Tong, Saining Xie, Dale Schuurmans, Quoc V
Le, Sergey Levine, and Yi Ma. Sft memorizes, rl generalizes: A comparative study of foundation
model post-training. arXiv preprint arXiv:2501.17161, 2025b.

Peter Clark, Isaac Cowhey, Oren Etzioni, Tushar Khot, Ashish Sabharwal, Carissa Schoenick, and
Oyvind Tafjord. Think you have solved question answering? try arc, the AI2 reasoning challenge.
CoRR, abs/1803.05457, 2018. URL http://arxiv.org/abs/1803.05457.

Hugging Face. Open r1: A fully open reproduction of deepseek-r1, January 2025. URL https:
//github.com/huggingface/open-r1.

Kanishk Gandhi, Ayush Chakravarthy, Anikait Singh, Nathan Lile, and Noah D Goodman. Cognitive
behaviors that enable self-improving reasoners, or, four habits of highly effective stars. arXiv
preprint arXiv:2503.01307, 2025.

Daya Guo, Dejian Yang, Haowei Zhang, Junxiao Song, Ruoyu Zhang, Runxin Xu, Qihao Zhu,
Shirong Ma, Peiyi Wang, Xiao Bi, et al. Deepseek-r1: Incentivizing reasoning capability in llms
via reinforcement learning. arXiv preprint arXiv:2501.12948, 2025.

Chaoqun He, Renjie Luo, Yuzhuo Bai, Shengding Hu, Zhen Leng Thai, Junhao Shen, Jinyi
Hu, Xu Han, Yujie Huang, Yuxiang Zhang, Jie Liu, Lei Qi, Zhiyuan Liu, and Maosong Sun.
Olympiadbench: A challenging benchmark for promoting AGI with olympiad-level bilingual
multimodal scientific problems. In Proceedings of the 62nd Annual Meeting of the Associa-
tion for Computational Linguistics (Volume 1: Long Papers), ACL 2024, Bangkok, Thailand,
August 11-16, 2024, pp. 3828–3850. Association for Computational Linguistics, 2024. URL
https://doi.org/10.18653/v1/2024.acl-long.211.

Dan Hendrycks, Collin Burns, Saurav Kadavath, Akul Arora, Steven Basart, Eric Tang, Dawn
Song, and Jacob Steinhardt. Measuring mathematical problem solving with the MATH
dataset. In Proceedings of the Neural Information Processing Systems Track on Datasets and
Benchmarks 1, NeurIPS Datasets and Benchmarks 2021, December 2021, virtual, 2021. URL
https://datasets-benchmarks-proceedings.neurips.cc/paper/2021/
hash/be83ab3ecd0db773eb2dc1b0a17836a1-Abstract-round2.html.

11

https://proceedings.mlr.press/v202/ball23a.html
https://proceedings.mlr.press/v202/ball23a.html
https://doi.org/10.48550/arXiv.2504.11468
https://doi.org/10.48550/arXiv.2504.11468
http://arxiv.org/abs/1803.05457
https://github.com/huggingface/open-r1
https://github.com/huggingface/open-r1
https://doi.org/10.18653/v1/2024.acl-long.211
https://datasets-benchmarks-proceedings.neurips.cc/paper/2021/hash/be83ab3ecd0db773eb2dc1b0a17836a1-Abstract-round2.html
https://datasets-benchmarks-proceedings.neurips.cc/paper/2021/hash/be83ab3ecd0db773eb2dc1b0a17836a1-Abstract-round2.html


594
595
596
597
598
599
600
601
602
603
604
605
606
607
608
609
610
611
612
613
614
615
616
617
618
619
620
621
622
623
624
625
626
627
628
629
630
631
632
633
634
635
636
637
638
639
640
641
642
643
644
645
646
647

Under review as a conference paper at ICLR 2026

Jingcheng Hu, Yinmin Zhang, Qi Han, Daxin Jiang, Xiangyu Zhang, and Heung-Yeung Shum.
Open-reasoner-zero: An open source approach to scaling up reinforcement learning on the base
model. arXiv preprint arXiv:2503.24290, 2025.

Siming Huang, Tianhao Cheng, Jason Klein Liu, Jiaran Hao, Liuyihan Song, Yang Xu, J Yang,
JH Liu, Chenchen Zhang, Linzheng Chai, et al. Opencoder: The open cookbook for top-tier code
large language models. arXiv preprint arXiv:2411.04905, 2024.

Aaron Jaech, Adam Kalai, Adam Lerer, Adam Richardson, Ahmed El-Kishky, Aiden Low, Alec
Helyar, Aleksander Madry, Alex Beutel, Alex Carney, et al. Openai o1 system card. arXiv preprint
arXiv:2412.16720, 2024.

Naman Jain, King Han, Alex Gu, Wen-Ding Li, Fanjia Yan, Tianjun Zhang, Sida Wang, Armando
Solar-Lezama, Koushik Sen, and Ion Stoica. Livecodebench: Holistic and contamination free
evaluation of large language models for code. arXiv preprint arXiv:2403.07974, 2024.

Sascha Lange, Thomas Gabel, and Martin A. Riedmiller. Batch reinforcement learning. In Reinforce-
ment Learning, volume 12 of Adaptation, Learning, and Optimization, pp. 45–73. Springer, 2012.
URL https://doi.org/10.1007/978-3-642-27645-3_2.

Sergey Levine, Aviral Kumar, George Tucker, and Justin Fu. Offline reinforcement learning: Tutorial,
review, and perspectives on open problems, 2020.

Aitor Lewkowycz, Anders Andreassen, David Dohan, Ethan Dyer, Henryk Michalewski, Vinay V.
Ramasesh, Ambrose Slone, Cem Anil, Imanol Schlag, Theo Gutman-Solo, Yuhuai Wu, Behnam
Neyshabur, Guy Gur-Ari, and Vedant Misra. Solving quantitative reasoning problems with language
models. In Advances in Neural Information Processing Systems 35: Annual Conference on Neural
Information Processing Systems 2022, NeurIPS 2022, New Orleans, LA, USA, November 28 - De-
cember 9, 2022, 2022. URL http://papers.nips.cc/paper_files/paper/2022/
hash/18abbeef8cfe9203fdf9053c9c4fe191-Abstract-Conference.html.

Jia Li, Edward Beeching, Lewis Tunstall, Ben Lipkin, Roman Soletskyi, Shengyi Huang, Kashif Rasul,
Longhui Yu, Albert Q. Jiang, Ziju Shen, et al. Numinamath: The largest public dataset in ai4maths
with 860k pairs of competition math problems and solutions. https://huggingface.co/
datasets/Numinamath, 2024. Hugging Face repository, 13:9.

Jiawei Liu and Lingming Zhang. Code-R1: Reproducing R1 for code with reliable rewards. https:
//github.com/ganler/code-r1, 2025.

Mingjie Liu, Shizhe Diao, Ximing Lu, Jian Hu, Xin Dong, Yejin Choi, Jan Kautz, and Yi Dong.
Prorl: Prolonged reinforcement learning expands reasoning boundaries in large language models.
arXiv preprint arXiv:2505.24864, 2025a.

Mingyang Liu, Gabriele Farina, and Asuman Ozdaglar. Uft: Unifying supervised and reinforcement
fine-tuning. arXiv preprint arXiv:2505.16984, 2025b.

Xuefeng Liu, Hung T. C. Le, Siyu Chen, Rick Stevens, Zhuoran Yang, Matthew R. Walter, and
Yuxin Chen. Active advantage-aligned online reinforcement learning with offline data. CoRR,
abs/2502.07937, 2025c. URL https://doi.org/10.48550/arXiv.2502.07937.

Zichen Liu, Changyu Chen, Wenjun Li, Penghui Qi, Tianyu Pang, Chao Du, Wee Sun Lee, and Min
Lin. Understanding r1-zero-like training: A critical perspective. CoRR, abs/2503.20783, 2025d.
URL https://doi.org/10.48550/arXiv.2503.20783.

Yicheng Luo, Jackie Kay, Edward Grefenstette, and Marc Peter Deisenroth. Finetuning from offline
reinforcement learning: Challenges, trade-offs and practical solutions. CoRR, abs/2303.17396,
2023. URL https://doi.org/10.48550/arXiv.2303.17396.

Lu Ma, Hao Liang, Meiyi Qiang, Lexiang Tang, Xiaochen Ma, Zhen Hao Wong, Junbo Niu, Chengyu
Shen, Runming He, Bin Cui, et al. Learning what reinforcement learning can’t: Interleaved online
fine-tuning for hardest questions. arXiv preprint arXiv:2506.07527, 2025.

12

https://doi.org/10.1007/978-3-642-27645-3_2
http://papers.nips.cc/paper_files/paper/2022/hash/18abbeef8cfe9203fdf9053c9c4fe191-Abstract-Conference.html
http://papers.nips.cc/paper_files/paper/2022/hash/18abbeef8cfe9203fdf9053c9c4fe191-Abstract-Conference.html
https://huggingface.co/datasets/Numinamath
https://huggingface.co/datasets/Numinamath
https://github.com/ganler/code-r1
https://github.com/ganler/code-r1
https://doi.org/10.48550/arXiv.2502.07937
https://doi.org/10.48550/arXiv.2503.20783
https://doi.org/10.48550/arXiv.2303.17396


648
649
650
651
652
653
654
655
656
657
658
659
660
661
662
663
664
665
666
667
668
669
670
671
672
673
674
675
676
677
678
679
680
681
682
683
684
685
686
687
688
689
690
691
692
693
694
695
696
697
698
699
700
701

Under review as a conference paper at ICLR 2026

Baolin Peng, Chunyuan Li, Pengcheng He, Michel Galley, and Jianfeng Gao. Instruction tuning with
GPT-4. CoRR, abs/2304.03277, 2023. URL https://doi.org/10.48550/arXiv.2304.
03277.

David Rein, Betty Li Hou, Asa Cooper Stickland, Jackson Petty, Richard Yuanzhe Pang, Julien
Dirani, Julian Michael, and Samuel R. Bowman. GPQA: A graduate-level google-proof q&a
benchmark. CoRR, abs/2311.12022, 2023. URL https://doi.org/10.48550/arXiv.
2311.12022.

John Schulman, Filip Wolski, Prafulla Dhariwal, Alec Radford, and Oleg Klimov. Proximal policy
optimization algorithms. arXiv preprint arXiv:1707.06347, 2017.

Zhihong Shao, Peiyi Wang, Qihao Zhu, Runxin Xu, Junxiao Song, Xiao Bi, Haowei Zhang,
Mingchuan Zhang, YK Li, Y Wu, et al. Deepseekmath: Pushing the limits of mathematical
reasoning in open language models. arXiv preprint arXiv:2402.03300, 2024.

Yuda Song, Yifei Zhou, Ayush Sekhari, Drew Bagnell, Akshay Krishnamurthy, and Wen Sun. Hybrid
RL: using both offline and online data can make RL efficient. In The Eleventh International Confer-
ence on Learning Representations, ICLR 2023, Kigali, Rwanda, May 1-5, 2023. OpenReview.net,
2023. URL https://openreview.net/forum?id=yyBis80iUuU.

Richard S Sutton, David McAllester, Satinder Singh, and Yishay Mansour. Policy gradient methods
for reinforcement learning with function approximation. Advances in neural information processing
systems, 12, 1999.

Shenzhi Wang, Le Yu, Chang Gao, Chujie Zheng, Shixuan Liu, Rui Lu, Kai Dang, Xionghui Chen,
Jianxin Yang, Zhenru Zhang, et al. Beyond the 80/20 rule: High-entropy minority tokens drive
effective reinforcement learning for llm reasoning. arXiv preprint arXiv:2506.01939, 2025a.

Yubo Wang, Xueguang Ma, Ge Zhang, Yuansheng Ni, Abhranil Chandra, Shiguang Guo, Weiming
Ren, Aaran Arulraj, Xuan He, Ziyan Jiang, Tianle Li, Max Ku, Kai Wang, Alex Zhuang, Rongqi
Fan, Xiang Yue, and Wenhu Chen. Mmlu-pro: A more robust and challenging multi-task language
understanding benchmark. In Advances in Neural Information Processing Systems 38: Annual Con-
ference on Neural Information Processing Systems 2024, NeurIPS 2024, Vancouver, BC, Canada,
December 10 - 15, 2024, 2024. URL http://papers.nips.cc/paper_files/paper/
2024/hash/ad236edc564f3e3156e1b2feafb99a24-Abstract-Datasets_
and_Benchmarks_Track.html.

Zengzhi Wang, Fan Zhou, Xuefeng Li, and Pengfei Liu. Octothinker: Mid-training incentivizes
reinforcement learning scaling. arXiv preprint arXiv:2506.20512, 2025b.

Jason Wei, Maarten Bosma, Vincent Y. Zhao, Kelvin Guu, Adams Wei Yu, Brian Lester, Nan Du,
Andrew M. Dai, and Quoc V. Le. Finetuned language models are zero-shot learners. In The Tenth
International Conference on Learning Representations, ICLR 2022, Virtual Event, April 25-29,
2022. OpenReview.net, 2022.

Chulin Xie, Yangsibo Huang, Chiyuan Zhang, Da Yu, Xinyun Chen, Bill Yuchen Lin, Bo Li, Badih
Ghazi, and Ravi Kumar. On memorization of large language models in logical reasoning. CoRR,
abs/2410.23123, 2024. URL https://doi.org/10.48550/arXiv.2410.23123.

Tian Xie, Zitian Gao, Qingnan Ren, Haoming Luo, Yuqian Hong, Bryan Dai, Joey Zhou, Kai Qiu,
Zhirong Wu, and Chong Luo. Logic-rl: Unleashing llm reasoning with rule-based reinforcement
learning. arXiv preprint arXiv:2502.14768, 2025.

Jianhao Yan, Yafu Li, Zican Hu, Zhi Wang, Ganqu Cui, Xiaoye Qu, Yu Cheng, and Yue Zhang.
Learning to reason under off-policy guidance. CoRR, abs/2504.14945, 2025.

An Yang, Beichen Zhang, Binyuan Hui, Bofei Gao, Bowen Yu, Chengpeng Li, Dayiheng Liu, Jian-
hong Tu, Jingren Zhou, Junyang Lin, et al. Qwen2. 5-math technical report: Toward mathematical
expert model via self-improvement. arXiv preprint arXiv:2409.12122, 2024.

Yufeng Yuan, Yu Yue, Ruofei Zhu, Tiantian Fan, and Lin Yan. What’s behind ppo’s collapse in
long-cot? value optimization holds the secret. arXiv preprint arXiv:2503.01491, 2025.

13

https://doi.org/10.48550/arXiv.2304.03277
https://doi.org/10.48550/arXiv.2304.03277
https://doi.org/10.48550/arXiv.2311.12022
https://doi.org/10.48550/arXiv.2311.12022
https://openreview.net/forum?id=yyBis80iUuU
http://papers.nips.cc/paper_files/paper/2024/hash/ad236edc564f3e3156e1b2feafb99a24-Abstract-Datasets_and_Benchmarks_Track.html
http://papers.nips.cc/paper_files/paper/2024/hash/ad236edc564f3e3156e1b2feafb99a24-Abstract-Datasets_and_Benchmarks_Track.html
http://papers.nips.cc/paper_files/paper/2024/hash/ad236edc564f3e3156e1b2feafb99a24-Abstract-Datasets_and_Benchmarks_Track.html
https://doi.org/10.48550/arXiv.2410.23123


702
703
704
705
706
707
708
709
710
711
712
713
714
715
716
717
718
719
720
721
722
723
724
725
726
727
728
729
730
731
732
733
734
735
736
737
738
739
740
741
742
743
744
745
746
747
748
749
750
751
752
753
754
755

Under review as a conference paper at ICLR 2026

Yang Yue, Zhiqi Chen, Rui Lu, Andrew Zhao, Zhaokai Wang, Shiji Song, and Gao Huang. Does
reinforcement learning really incentivize reasoning capacity in llms beyond the base model? arXiv
preprint arXiv:2504.13837, 2025a.

Yang Yue, Zhiqi Chen, Rui Lu, Andrew Zhao, Zhaokai Wang, Yang Yue, Shiji Song, and Gao
Huang. Does reinforcement learning really incentivize reasoning capacity in llms beyond the
base model? CoRR, abs/2504.13837, 2025b. URL https://doi.org/10.48550/arXiv.
2504.13837.

Weihao Zeng, Yuzhen Huang, Wei Liu, Keqing He, Qian Liu, Zejun Ma, and Junxian He. 7b model
and 8k examples: Emerging reasoning with reinforcement learning is both effective and efficient.
https://hkust-nlp.notion.site/simplerl-reason, 2025. Notion Blog.

Rosie Zhao, Alexandru Meterez, Sham Kakade, Cengiz Pehlevan, Samy Jelassi, and Eran Malach.
Echo chamber: Rl post-training amplifies behaviors learned in pretraining. arXiv preprint
arXiv:2504.07912, 2025.

Lianghui Zhu, Xinggang Wang, and Xinlong Wang. Judgelm: Fine-tuned large language models are
scalable judges. In The Thirteenth International Conference on Learning Representations, ICLR
2025, Singapore, April 24-28, 2025. OpenReview.net, 2025. URL https://openreview.
net/forum?id=xsELpEPn4A.

A APPENDIX

A.1 RELATED WORKS

Incorporating offline dataset for online RL Offline RL aims to learning a reward maximizing
policy from a fixed, static dataset, collected by some existing policy (Levine et al., 2020; Lange et al.,
2012). Due to the dataset limitations, offline RL often results in a suboptimal policy, motivating
recent work to combine offline and online RL (Luo et al., 2023; Ball et al., 2023; Song et al., 2023;
Liu et al., 2025c). In the domain of Large Language Model, the most common approach is to employ
the two-stage SFT-and-then-RFT method, where SFT instills desirable patterns or skills into the
model and RFT amplifies them (Liu et al., 2025a). Built upon this two-staged strategy, recent works
like DR-PO (Chang et al., 2024) also investigates starting online RL from a sampled offline state
(a truncated sentence for LLM) for RLHF. However, the interplay between SFT and RFT remains
to be understood and may be specific to each use case (Cai et al., 2025; Chen et al., 2025a), and
determining the optimal strategy to stitch the two methods remains an open question (Chen et al.,
2025b). Therefore, there is an emerging body of work focusing on how to better integrate these two
learning paradigms and how to incorporate the offline dataset to improve the LLM post-training (Yan
et al., 2025; Liu et al., 2025b; Ma et al., 2025).

Detailed comparison with parallel works Here we discuss the differences between our method
and the contemporaneous works UFT, LUFFY, and ReLIFT. (1) UFT (Liu et al., 2025b) shares the
strategy of sampling prefixes, it applies a static, pre-assigned scalar weight (0.001) to the prefix
tokens. Our method, conversely, employs a dynamic weight determined by the estimated advantage
of the full hybrid sequence. This allows the model to learn more intensively from prefixes that
actually lead to high-value outcomes. Though theoretically justifed, UFT mainly experiment with
more simpler setting, i.e., smaller models and simpler offline demotnrations. Our empirical results
demonstrate that our dynamic approach significantly outperforms the static weighting scheme in
complex reasoning tasks. (2) LUFFY (Yan et al., 2025) mixes entire offline traces with on-policy
data and utilizes a policy reshaping function f(πθ) =

πθ

πθ+λ to handle off-policy distribution shift.
This method introduces a hyperparameter λ that can be not straightforward and sensitive to tune.
Our approach addresses the off-policy nature of demonstrations through a simpler entropy-based
clipping mechanism, which we show to be robust and effective across different models and scales.
(3) ReLIFT (Ma et al., 2025) adopts a staged method to interleave SFT and RFT, where SFT is
selectively applied to problems that RFT fails to solve. While effective, this requires managing a
multi-stage pipeline and identifying "hard" problems iteratively. In contrast, our method seamlessly
blends SFT and RFT in a single training stage by using prefixes to guide exploration on difficult
problems dynamically, offering a simpler and more integrated pipeline.

14

https://doi.org/10.48550/arXiv.2504.13837
https://doi.org/10.48550/arXiv.2504.13837
https://hkust-nlp.notion.site/simplerl-reason
https://openreview.net/forum?id=xsELpEPn4A
https://openreview.net/forum?id=xsELpEPn4A


756
757
758
759
760
761
762
763
764
765
766
767
768
769
770
771
772
773
774
775
776
777
778
779
780
781
782
783
784
785
786
787
788
789
790
791
792
793
794
795
796
797
798
799
800
801
802
803
804
805
806
807
808
809

Under review as a conference paper at ICLR 2026

A.2 EVALUATION AND EXPERIMENT HYPERPARAMETERS

Regarding evaluation, we follow Yan et al. (2025) and evaluate our approach with six math reasoning
tasks, i.e., AIME 2024, AIME 2025 (Li et al., 2024), AMC (He et al., 2024), Minerva Lewkowycz
et al. (2022), OlympiadBench He et al. (2024), and MATH-500 Hendrycks et al. (2021). Because
AIME 2024, AIME 2025, and AMC have fewer data points, we report avg@32, and for the other three
benchmarks, we report pass@1. To see whether the reasoning learned can be generalized to other
general reasoning problems, we test the model with ARC-c (Clark et al., 2018), GPQA-diamond (Rein
et al., 2023), and MMLU-Pro (Wang et al., 2024).

Hyperparameters Most of our training hyperparameters are set as Yan et al. (2025) to ensure fair
comparison. Regarding our method-specific hyperparameters, unless specified otherwise, we sample
8 rollouts per prompt, and one of them starts with the sampled prefix. And for each mini-batch, we
only update the top 20% prefix tokens that are high-entropy. The model is trained for 500 steps.
And each time step t, we sample l uniformly from [lowt, 0.95] to decide the prefix length as l times
the total demonstration length. And lowt follows a cosine decay scheduler, starting from 0.95 and
decaying to 0.05 at the 500th step. We use Dr.GRPO (Liu et al., 2025d) as our RFT algorithm.

A.3 MORE EXPERIMENT RESULTS

Performance with Large Sampling Budgets To investigate whether Prefix-RFT expands the
model’s reasoning boundaries beyond simply improving the likelihood of known solutions, we
evaluate the model’s performance using a large sampling budget (n = 2048). We compare the Base
model (Qwen2.5-Math-7B-Base), SFT (checkpoint from LUFFY paper), RFT, and Prefix-RFT on the
challenging AIME 2024 and AIME 2025 benchmarks. As shown in Table 4, Prefix-RFT consistently
outperforms both SFT and RFT across all sampling budgets (k = 1 to k = 2048). Notably, on AIME
2025, Prefix-RFT achieves a Pass@2048 of 76.7%, significantly higher than the Base model (70.0%)
and RFT (70.0%), demonstrating that our method effectively elevates the upper bound of the model’s
reasoning capabilities.

Table 4: Pass@k performance on AIME 2024 and AIME 2025 with a sampling budget of n = 2048.

Method p@1 p@2 p@4 p@8 p@16 p@32 p@64 p@128 p@256 p@512 p@1024 p@2048
AIME 2024

base model 15.22 23.62 32.49 40.59 48.00 55.03 61.79 68.11 73.88 79.21 83.59 86.67
SFT 25.05 33.78 43.60 53.18 60.95 66.45 69.67 71.43 72.93 74.67 76.20 76.67
RFT 27.29 34.42 41.83 48.91 55.11 60.23 64.59 68.98 73.90 79.48 85.42 90.00
Prefix-RFT 31.24 40.08 48.93 56.90 63.24 67.94 71.64 75.47 79.92 84.05 87.28 90.00

AIME 2025
base model 7.13 11.42 16.68 22.56 28.89 35.31 41.64 48.32 55.61 62.36 67.27 70.00
SFT 22.66 29.02 34.60 39.70 44.74 49.52 53.71 57.32 60.47 63.10 64.89 66.67
RFT 12.15 14.97 18.43 23.31 30.36 39.29 48.31 56.01 61.63 64.94 67.45 70.00
Prefix-RFT 25.98 29.77 34.68 40.07 45.37 50.78 56.75 62.74 67.80 71.95 75.39 76.67

More Ablation Studies We further investigate the specific contributions of our design choices
by comparing Prefix-RFT with several variants. We categorize these ablations into two groups:
(1) Prefix Gradient Strategies and (2) Methodological Variants. All experiments are conducted on
Qwen2.5-Math-7B. We aim to answer the following questions?

Do we need to update the prefix? We compare Freeze Prefix (gradients from prefix tokensa are
all clipped) and Update All (no clipping on prefix). As shown in Table 5, freezing the prefix results
in performance similar to standard RFT (45.4 vs 45.5), indicating that explicit learning from the
demonstration is crucial. Conversely, updating all prefix tokens without clipping (Update All) leads
to only marginal gains (45.7) and undesirable training dynamics (i.e., rollout length explosion),
confirming the necessity of our entropy-based constraint.

Is dynamic weighting necessary? We replace our entropy clipping with a Static Weight strategy
(applying a constant 0.001 weight to prefix tokens, similar to UFT). This variant yields an average
score of 43.8, significantly underperforming our dynamic approach (51.8). This supports our hypoth-
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esis that weighting updates by the hybrid trajectory’s advantage allows the model to selectively learn
from high-value prefixes.

Is the gain just from clipping? To prove that our gains are not solely due to the entropy clipping
technique itself, we apply our "top-20% clipping" strategy to the on-policy rollouts of a standard
RFT run (RFT + On-policy Clip). This achieves 43.8, performs similarly to naive RFT baseline. This
confirms that the performance leap is driven by the learning from prefix, not the clipping trick itself.

Comparison with DR-PO Variant: Finally, we evaluate a variant inspired by DR-PO, where we
initialize rollouts from prefixes but do not include them in the loss calculation. The difference between
DR-PO variant and prefix-rft-no-clip is that in this varaint all N=8 rollouts are sampled from the same
prefix (similar to original DR-PO paper). This results in the poor performance (33.8), likely due to
the severe distribution shift between the guided training phase and the unguided inference phase.

Table 5: Comprehensive ablation results on Qwen2.5-Math-7B. Prefix-RFT outperforms all variants, justifying
the synergy of prefix guidance, dynamic advantage weighting, and entropy-based clipping.

Method Variant MATH Olympiad Minerva AIME 24 AIME 25 AMC Avg.
Prefix Gradient Strategies
Prefix-RFT (Freeze Prefix / All-Clip) 84.8 48.3 37.9 24.1 16.4 61.2 45.4
Prefix-RFT (Update All / No-Clip) 83.2 49.8 41.5 22.5 18.5 58.5 45.7

Method Variants
Static Weight (0.001) 83.2 47.6 39.0 26.0 18.9 58.4 43.8
RFT + On-policy Clip 85.0 45.0 39.3 20.2 12.7 60.6 43.8
DR-PO Variant 66.8 34.4 34.2 13.8 10.7 42.8 33.8

Prefix-RFT (Ours) 88.4 55.7 40.3 31.8 26.4 68.2 51.8

Gradient Magnitude Analysis To justify the motivation of our entropy-based clipping strategy, we
analyze the gradient magnitudes derived from off-policy demonstration tokens compared to on-policy
RFT tokens. As discussed in Sec. 3, because the offline expert policy πoff (e.g., DeepSeek-R1) may
be distributionally distant from the current policy πθ, the model often assigns low probabilities to
demonstration tokens, resulting in large gradients for the log-likelihood objective. We compare the
average gradient norms of four training methods on Qwen2.5-Math-7B: (1) SFT-R1-trace (pure SFT
on the demonstrations), (2) Prefix-RFT (no-clip) which updates all prefix tokens without clipping,
(3) Prefix-RFT (all-clip) which freezes the prefix (gradient = 0), and (4) Standard RFT. As shown
in Table 6, the gradients from the full SFT trace are orders of magnitude larger than RFT gradients.
More importantly, Prefix-RFT (no-clip) exhibits gradient norms nearly double those of Prefix-RFT
(all-clip) and RFT, despite prefix tokens constituting only a small fraction (5%− 10%) of the total
tokens in the batch. This confirms that a small number of off-policy tokens can disproportionately
dominate the optimization landscape if left unconstrained, leading to instability (e.g., response length
explosion) as observed in our ablation studies.

Table 6: Comparison of gradient norms across different training stages. Results show that unclipped off-policy
prefixes generate significantly larger gradients than on-policy rollouts.

Method 0-25 steps 25-50 steps 50-100 steps 100-200 steps
SFT (R1 Traces) 5.31 2.01 1.61 1.78
Prefix-RFT (zero-clip) 0.44 0.27 0.27 0.27
Prefix-RFT (no-clip) 0.23 0.13 0.13 0.13
RFT 0.18 0.12 0.12 0.12

Statistical Significance Analysis To assess the robustness of our reported improvements and ensure
they are not artifacts of random seed selection, we conducted 5 independent inference runs for both
Prefix-RFT and the strongest baseline, LUFFY (checkpoint released from their paper). We report the
mean and standard deviation across these runs in Table 7. The results demonstrate that Prefix-RFT
consistently outperforms LUFFY across all benchmarks with tight confidence intervals. For instance,
on AIME 2025, we observe a substantial margin of +4.07% (25.13 vs 21.06), confirming the statistical
significance of our contribution.
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Table 7: Comparing Prefix-RFT against the strongest concurrent baseline, LUFFY with mutiple inference runs

Method MATH Olympiad Minerva AIME 2024 AIME 2025 AMC Avg.
LUFFY 87.16 ± 0.83 54.28 ± 0.51 38.09 ± 1.74 28.46 ± 0.45 21.06 ± 0.78 66.17 ± 0.41 49.20
Prefix-RFT 87.60 ± 0.58 56.33 ± 0.52 39.97 ± 0.45 31.88 ± 0.41 25.13 ± 0.96 68.18 ± 0.11 51.52

A.4 PRINCIPLED DESIGN AND MANAGEMENT OF HYPERPARAMETERS

Here we want to once again highlight the principle for introducing the entropy clipping and decay
machanism, and link them to the aforementioned conclusions of ablation studies. Overall, these
components are grounded in two core principles: constrained and targeted optimization on off-policy
data and position bias & curriculum learning. Here, we outline the rationale behind these designs
and provide guidelines for practitioners.

Entropy-based Clipping for Targeted Learning: The primary role of clipping is to manage the
huge distribution gap between the offline expert (πoff) and the current policy (πθ). As shown in
Table 6, gradients from offline tokens can be orders of magnitude larger than on-policy gradients.
Without constraint, the model could quickly fit to superficial features of the demonstration (e.g.,
response length) rather than learning from both signals. We specifically target high-entropy tokens in
this case because high entropy indicates model uncertainty, where the policy distribution is flat and
the model is most likely to deviate from the expert path. Updating these tokens provides the richest
learning signal. In contrast, low-entropy tokens usually represent confident predictions; updating
them yields diminishing returns, as confirmed by our bottom 20% and random 20% ablation in Sec. 6.

Cosine Decay for Position Bias and Curriculum Learning: The decay scheduler serves two
purposes: mitigating position bias and creating a natural training curriculum. Due to the autoregressive
nature of LLMs, tokens at the end of a sequence are sampled less frequently. By starting with long
prefixes and decaying to short ones, we ensure the model to see expert’s actions in different positions.
This also effectively creates a smooth transition from SFT (more guidance) to RFT (autonomous
exploration), mirroring the standard two-stage post-training pipeline but within a unified loop.

These hyperparameters offer interpretable control knobs for practitioners. They can be managed
by monitoring simple training metrics. For example, in our case, we monitored the rollout length:
If the model begins generating excessively long or non-terminating sequences it is probably that
the learning singal from R1 long cot demonstration is too strong. In this case, we just increase the
clipping strength (reduce the ratio, e.g., 50% to 20%) or decrease the prefix length to reweight the
training signal. We found our default settings (20% clip, cosine decay from 0.95 length ratio) to be
robust across models we experiment with.

A.5 LLM USAGE STATEMENT

This study leveraged a Large Language Model (LLM) for assistance in refining writing, including
language polishing and grammatical correction, as well as for editing the code used to visualize
experimental results. The ideation and all other aspects of the research were carried out by the
author(s).
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