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Abstract

Recent advances in large reasoning models (LRMs) demonstrate that sophisti-
cated behaviors such as multi-step reasoning and self-reflection can emerge via
reinforcement learning with verifiable rewards (RLVR). However, existing RLVR
approaches are inherently “on-policy”, limiting learning to a model’s own outputs
and failing to acquire reasoning abilities beyond its initial capabilities. To address
this issue, we introduce LUFFY (Learning to reason Under oFF-policY guidance),
a framework that augments RLVR with off-policy reasoning traces. LUFFY dynam-
ically balances imitation and exploration by combining off-policy demonstrations
with on-policy rollouts during training. Specifically, LUFFY combines the Mixed-
Policy GRPO framework, which has a theoretically guaranteed convergence rate,
alongside policy shaping via regularized importance sampling to avoid superficial
and rigid imitation during mixed-policy training. Compared with previous RLVR
methods, LUFFY achieves an over +6.4 average gain across six math benchmarks
and an advantage of over +6.2 points in out-of-distribution tasks. Most significantly,
we show that LUFFY successfully trains weak models in scenarios where on-policy
RLVR completely fails. These results provide compelling evidence that LUFFY
transcends the fundamental limitations of on-policy RLVR and demonstrates the
great potential of utilizing off-policy guidance in RLVR.

1 Introduction

Recent breakthroughs in large reasoning models, including OpenAI-o1 [1], DeepSeek-R1 [2], and
Kimi-1.5 [3], have demonstrated remarkable capabilities in complex reasoning tasks. These models
have shown unprecedented proficiency in generating extensive Chains-of-Thought (CoT, [4]) re-
sponses and exhibiting sophisticated behaviors, such as self-reflection and self-correction. Particularly
noteworthy is how these achievements have been realized through reinforcement learning with purely
verifiable rewards (RLVR), as demonstrated by recent efforts including Deepseek R1 [2, 5, 6, 7].
The emergence of long CoT reasoning and self-reflection capabilities through such straightforward
reward mechanisms, termed the “aha moment”, represents a significant advancement in the field.
Nevertheless, the reinforcement learning methods behind the success have a fundamental limitation
worth highlighting: it is inherently on-policy, constraining learning exclusively to the model’s self-
generated outputs through iterative trials and feedback cycles. Despite showing promising results,
on-policy RL is bounded by the base LLM itself [8, 9]. In essence, reinforcement learning under
this setting amplifies existing behaviors rather than introducing genuinely novel cognitive capacities.
Recent study [10] corroborates this constraint, demonstrating that models like Llama 3.2 [11] quickly
reach performance plateaus under RL training precisely because they lack certain foundational
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cognitive behaviors necessary for further advancement. This inherent limitation provokes critical
questions about the effectiveness and scope of RL for reasoning: How can we empower LLMs to
acquire reasoning behaviors surpassing their initial cognitive boundaries?

In this paper, we introduce LUFFY: Learning to reason Under oFF-policY guidance, addressing this
issue by introducing external guidance from a stronger policy (e.g., from DeepSeek-R1). The strong
policy serves as guidance for diverging the training trajectory beyond the limitations of the model’s
initial capabilities. Unlike on-policy RL, where the model can only learn from its own generations,
our approach leverages off-policy learning to expose the model to reasoning patterns and cognitive
structures that might otherwise remain inaccessible. This external guidance functions as a form of
cognitive scaffolding, allowing the model to observe and internalize reasoning strategies from a more
capable teacher model, thereby expanding its reasoning repertoire beyond what self-improvement
alone could achieve.
In particular, LUFFY extends on GRPO [12] to Mixed-Policy GRPO by introducing a new off-
policy objective with importance sampling to calibrate policy gradient, and combining off-policy
reasoning traces with models’ on-policy roll-outs during advantage computation, as illustrated in
Figure 1. Intuitively, since off-policy traces consistently obtain positive rewards, LUFFY enables
the model to selectively imitate these high-quality reasoning traces when its own roll-outs fail to
achieve correctness, while preserving the capacity for self-driven exploration whenever its generated
reasoning steps are successful. In this way, LUFFY achieves a dynamic and adaptive equilibrium
between imitation and exploration. To avoid overly rapid convergence and entropy collapse, causing
the model to latch onto superficial patterns rather than acquiring genuine reasoning capabilities,
we further introduce policy shaping via regularized importance sampling, which amplifies learning
signals for low-probability yet crucial actions under off-policy guidance. This mechanism encourages
the model to preserve exploration throughout training, ultimately enabling it to internalize deeper and
more generalizable reasoning behaviors.
LUFFY achieves significant improvements of +6.4 points on average compared with previous RLVR
methods, across AIME24/25 [13], AMC [13], OlympiadBench [14], Minerva [15], and MATH-
500 [16] benchmarks, establishing the effectiveness of off-policy learning in RLVR paradigms.
Moreover, LUFFY demonstrates superior generalization capability, i.e., an advantage of over +6.2
points on average, on out-of-distribution tasks, where other off-policy methods fall short. Critically,
we show that LUFFY successfully trains weak foundation models, i.e., LLaMA3.1-8B, while on-
policy RL fails, providing evidence of LUFFY transcending the limitation of model capacity. Our
in-depth analyses demonstrate that LUFFY encourages the model to imitate high-quality reasoning
traces while maintaining exploration of its own sampling space, resulting in more reliable and
generalizable reasoning capabilities.
Our contributions can be summarized as:

• We introduce LUFFY, an approach that incorporates off-policy guidance into GRPO and
integrates policy shaping through regularized importance sampling to address entropy
collapse, effectively transcending the limitations of on-policy RL. (Sec. 3)

• We empirically demonstrate LUFFY’s effectiveness across various foundation models,
achieving an average gain of +6.4 points across six math benchmarks and +6.2 points on
out-of-distribution tasks against previous RLVR methods, establishing a new state-of-the-art
on RLVR with Qwen2.5-Math-7B. (Sec. 5.1)

• We demonstrate that LUFFY successfully trains weaker foundation models where On-Policy
RL fails. Specifically, while On-Policy RL can only train Llama3.1-8B on simplified
datasets, LUFFY effectively trains these models across varying difficulty levels, overcoming
capability-based limitations (Sec. 5.2).

2 Reinforcement Learning with Verifiable Rewards

Verifiable Reward Function. The verifiable reward emphasizes the comparison between the
extracted answer from the models’ output and the predefined golden answer. For instance, the model
is instructed to output the final answer in a certain format, e.g., \boxed{}, and a regex function is
used to extract the answer from \boxed{}. Formally, given a model’s output τ to question q, the
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Figure 1: Overview: LUFFY integrates off-policy reasoning traces into reinforcement learning by
combining them with on-policy rollouts. Policy shaping emphasizes low-probability but crucial
actions, enabling a balance between imitation and exploration for more generalizable reasoning.

reward is defined by,

R(τ) =

{
1 if τ outputs the correct final answer to q

0 otherwise
(1)

This reward design avoids the risk of reward hacking [17, 18, 19] to a great extent and thus leads to
successful scaling of RL training [2].

Group Relative Policy Optimization (GRPO). GRPO [12] shows exceptional performance in
various tasks, especially to enable effective scaling within the RLVR paradigm [2, 20, 6]. It uses the
reward scores of N sampled solutions from a query to estimate the advantage and thus remove the
need for an additional value model. Formally, we denote the policy model before and after the update
as πθold and πθ, where both represent probability distributions over possible actions/tokens at each
position. Given a question q, a set of sampled solutions τi generated by πθold , and the reward function
R(·), the advantage Ai of each in GRPO is computed by normalized rewards inside the group,

Ai =
R(τi)− mean({R(τi) | τi ∼ πθold(τ), i = 1, 2, . . . , N})

std({R(τi) | τi ∼ πθold(τ), i = 1, 2, . . . , N})
, (2)

Then, the RL objective is inherited from the clipped RL objective proposed by PPO [21],

JGRPO(θ) =
1∑N

i=1 |τi|

N∑
i=1

|τi|∑
t=1

CLIP(ri,t(θ), Ai, ϵ)− β · DKL[πθ∥πref]. (3)

where ri,t(θ) = πθ(τi,t|q, τi,<t)/πθold(τi,t|q, τi,<t) is a importance sampling term to calibrate the
gradient based on policy gradient theory [22], as the solutions are generated by πθold instead of πθ.
The KL divergence DKL and the clipped surrogate objective CLIP(r,A, ϵ) = min[r ·A, clip(r; 1−
ϵ, 1 + ϵ) ·A] empirically ensures that the current policy πθ is within the trust region [23] of the old
policy πθold . We loosely categorize this method as On-Policy RL, indicating that the model is optimized
using samples drawn from distributions closely aligned with its current policy. Nevertheless, recent
practices [24, 25, 7] have increasingly omitted the KL divergence term, making these methods
somewhat less “On-Policy”.

3 Learning to Reason under Off-Policy Guidance

To facilitate exploration beyond the model’s own capabilities, we incorporate off-policy guidance,
i.e., off-the-shelf reasoning trajectories generated by a stronger reasoning model such as Deepseek
R1, into the RLVR learning. We expect the model to learn generalizable knowledge from off-policy
beyond superficial imitation and maintain effective and efficient exploration as in RLVR training. In
the following sections, we introduce LUFFY: mixed-policy GRPO (§ 3.1) with policy shaping
(§3.2). The former one adaptively integrates off-policy trajectories into advantage estimation while
the latter encourages continuous exploration throughout training.
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3.1 Mixed-Policy GRPO

We incorporate off-policy rollouts in GRPO by adding them directly to the group of on-policy rollouts
generated by the model itself. Provided an off-policy distribution πϕ, this would affect the advantage
computations in the following way,

Âi =
R(τi)− mean(Gon ∪ Goff)

std(Gon ∪ Goff)
, (4)

where Gon = {R(τi) | τi ∼ πθold(τ), i = 1, 2, . . . , Non} and Goff = {R(τj) | τj ∼ πϕ(τ), j =
1, 2, . . . , Noff}. As the quality of off-policy rollouts is high (yielding high rewards), this group
computation naturally assigns higher advantage to off-policy rollouts when the model struggles to
generate correct solutions independently. Once the model begins producing successful reasoning
traces, on-policy rollouts take precedence, thereby encouraging self-driven exploration.
Extending from the GRPO objective (Eq. 3), we introduce the off-policy objective to incorporate
off-policy rollouts. Similar to GRPO and PPO [21, 12], we introduce an importance sampling term
r̂j,t(θ, ϕ) = πθ(τj,t|q, τj,<t)/πϕ(τj,t|q, τj,<t) to calibrate gradient estimates [22]. We refer to this
approach as Mixed-Policy GRPO:

JMixed(θ) =
1

Z
(

Noff∑
j=1

|τj |∑
t=1

CLIP(r̂j,t(θ, ϕ), Âj , ϵ)︸ ︷︷ ︸
off-policy objective

+

Non∑
i=1

|τi|∑
t=1

CLIP(ri,t(θ), Âi, ϵ)︸ ︷︷ ︸
on-policy objective

,
(5)

where r̂j,t(θ, ϕ) = πθ(τj,t|q, τj,<t)/πϕ(τj,t|q, τj,<t) and ri,t(θ) = πθ(τi,t|q, τi,<t)/πθold(τi,t|q, τi,<t).

Z =
∑Noff

j=1 |τj |+
∑Non

i=1 |τi| is the normalization factor.

The newly introduced importance sampling term r̂j,t contrasts with the importance sampling term ri,t
used in on-policy RL (Eq. 3), where the denominator corresponds to the pre-update roll-out model
policy πθold . Since the divergence between πθ and πθold is typically much smaller than that between
πθ and the off-policy policy πϕ, the off-policy importance sampling ratio r̂j,t tends to be smaller,
serving to calibrate gradient estimates from a distinct distribution.
Based on the theoretical analysis of stochastic gradient descent in nonconvex optimization [26], we
give a convergence analysis in Theorem 1 to show that our importance-weighted policy gradient
estimator in Eq. (5) stabilizes and converges to a stationary point, and the convergence rate is
O(1/

√
K), where K is the total number of iterations. The proof can be found in Appendix B.1.

Theorem 1. Suppose the objective function of the policy gradient algorithm J ∈ Jn, where Jn is the
class of finite-sum Lipschitz smooth functions, has σ-bounded gradients, and the importance weight

w = πθ/πϕ is clipped to be bounded by [w,w]. Let αk = α = c/
√
K where c =

√
2(J(θ∗)−J(θ0))

Lσ2ww ,
and θ∗ is an optimal solution. Then, the iterates of our algorithm in Eq. (5) satisfy:

min
0≤k≤K−1

E[||∇J(θk)||2] ≤

√
2(J(θ∗)− J(θ0))Lw

Kw
σ.

The importance sampling ratio in off-policy learning typically involves πϕ, representing the behavior
policy’s probability in off-policy trajectories [27]. Theoretically, our derivations and guarantees
hold for any well-defined πϕ distribution. In practice, to facilitate direct integration of high-quality
demonstrations from large, powerful models (e.g., DeepSeek-R1), we adopt πϕ = 1 for computational
efficiency. This practical choice not only avoids the complexity caused by different tokenization
between the on-policy and off-policy models. It also facilitates the easy incorporation of off-the-shelf
datasets without recomputation of πϕ, as well as preserving theoretical guarantees. We omit the clip
operation for the off-policy rollouts, as the clip operation will be imbalanced when πϕ = 1.

3.2 Policy Shaping via Regularized Importance Sampling

While Mixed-Policy GRPO incorporates off-policy guidance successfully via group computation
and importance sampling, a new practical challenge emerges: Mixed-Policy GRPO accelerates
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Figure 2: Left: generation entropy during training; Middle: shaping function value w.r.t. action
probability; Right: gradient weights w.r.t. action probability.

convergence but significantly reduces exploration (Figure 2, left). Specifically, entropy collapses
much faster than in on-policy RL, indicating increasingly deterministic rollouts and a diminished
capacity for exploring diverse reasoning trajectories.
This originates from the “hacking” of the Mixed-Policy objective. When combining both learning
off-policy and on-policy signals, the model tends to quickly converge toward reinforcing off-policy
tokens that are also likely in the on-policy πθ distribution, and ignoring off-policy tokens that are
deviated from the model’s original policy, i.e., low-probability tokens that may represent essential
reasoning capabilities the model has yet to acquire. We empirically analyze this issue in detail in
Section 5.3.
To address this issue, we introduce policy shaping via regularized importance sampling, a technique
that re-weights the gradient of off-policy distributions to enhance learning from low-probability tokens.
In particular, our approach replaces the importance sampling ratio r̂j,t(θ, ϕ) with f(r̂j,t(θ, ϕ)), where
f(·) represents a transformation function that alters the dynamics between off-policy and on-policy
distributions, thereby increasing gradient emphasis on tokens with low probability in the model’s
standard distribution. Recall that we omit the clip operation for the off-policy rollouts. The loss
function with policy shaping can be written as below:

JSHAPING(θ) =
1

Z
(

Noff∑
j=1

|τj |∑
t=1

f(r̂j,t(θ, ϕ)) · Âj +

Non∑
i=1

|τi|∑
t=1

CLIP(ri,t(θ), Âi, ϵ), (6)

To further illustrate the meaning of shaping function f , we derive the gradient of off-policy objective,

∇θJSHAPING-OFF(θ) = Eτ∼πϕ
[f ′(πθ)

πθ

πϕ
∇θ log πθ · Âj︸ ︷︷ ︸

importance sampling

.]
(7)

We write π(τj,t|q, τj,<t) as π for simplicity. From Eq. 7, we can see f ′(πθ) is a weighting function
of the gradient. The vanilla mixed-policy GRPO can be regarded as using a linear shaping function,
i.e., f(π) = π, where the original importance sampling ratio πθ/πϕ is applied.
We decompose the log probability and derive the gradient on each output logit (action):

∂JSHAPING-OFF(θ)

∂Mθ(τ ′j,t)
= Eτ∼πϕ

[
f ′(πθ)πθ

[
I(τ ′j,t = τj,t)− πθ

]
· Âj

]
⇒|∂JSHAPING-OFF(θ)

∂Mθ(τ ′j,t)
| ≤ Eτ∼πϕ

[
|f ′(πθ)|πθ (1− πθ) · |Âj |

]
,

(8)

where τ ′j,t is any possible action/token on in the action space at the j-th trajectory and t-th position,
and Mθ(τ) denotes the logits of that action. The identity case represents the gradient when the action
is the off-policy action τ = τ ′, which elevates the probability of predicting the off-policy action. From
Eq. 8, if f(πθ) = πθ and thus f ′(πθ) = 1, we can see that the scale of gradient is upper-bounded
by πθ(1− πθ), leading to small values when πθ → 0 and πθ → 1. We opt for f(x) = x/(x+ γ) as
our shaping function (middle part of Figure 2), where γ is set as 0.1. As shown in Figure 2 (Right),
the shaping function reweights the gradients to assign more importance to low-probability actions,
thereby improving learning from unfamiliar yet effective decisions from the off-policy traces.
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Further, we provide an informal analysis on the variance of our importance weights regularized by
f(·) in Appendix B.2. With a first-order approximation and a special case derivation, we show that
a smaller variance can be achieved for the sampling weights, thus proving more stable training for
leveraging off-policy guidance.

4 Experimental Setup
Dataset Construction. Our training set is a subset of OpenR1-Math-220k [28] 3, of which the
prompts are collected from NuminaMath 1.5 [29], and the off-policy reasoning traces are generated
by Deepseek-R1 [2]. We use the default subset, which contains 94k prompts, and we filter out
generations that are longer than 8192 tokens and those that are verified wrong by Math-verify4,
resulting in 45k prompts and off-policy reasoning traces.

RL Practice. We remove the KL loss term by setting β = 0 and set the entropy loss coefficient to
0.01. Following Dr.GRPO[6], we remove the length normalization and standard error normalization
of GRPO loss (Eq. 3) for all experiments. For policy shaping, we empirically set the γ as 0.1 and
study the value of γ in Appendix E.4. Our rollout batch size is 128, and the update batch size is 64.
We use 8 rollouts per prompt. Specifically, for on-policy RL, we use 8 on-policy rollouts. For our
methods, we use 1 off-policy and 7 on-policy rollouts to ensure fairness. We use temperature=1.0 for
rollout generation. We use Math-Verify as our reward function and include no format or length reward.
We use Qwen2.5-Math-7B [30] by default, following previous work [24, 5, 6]. In addition, we extend
LUFFY to Qwen2.5-Math-1.5B [30] and Qwen2.5-Instruct-7B [31], and LLaMA 3.1-8B [32].

Evaluation. For evaluation, we mainly focus on six widely used math reasoning benchmarks,
including AIME 2024, AIME 2025, AMC [13], Minerva [15], OlympiadBench [14], and MATH-
500 [16]. For AIME 2024, AIME 2025 and AMC, we report avg@32 as the test set is relatively small,
and for the other three benchmarks, we report pass@1. As our RL training mainly focuses on math
reasoning, we further validate the generalization capability on three out-of-distribution benchmarks,
namely ARC-c [33](Open-Domain Reasoning), GPQA-diamond [34](Science Graduate Knowledge,
denoted as GPQA∗), and MMLU-Pro [35](Reasoning-focused Questions from Academic Exams
and Textbooks). We shuffle the multiple-choice options to avoid contamination. For testing, the
temperature is set as 0.6.

Baseline Methods. For RLVR methods, we consider the following methods: (1) Simple-RL [5]:
training from Qwen2.5-Math-7B using rule-based reward; (2) Oat-Zero [6]: training from Qwen2.5-
Math-7B and rule-based reward, proposing to remove the standard deviation in GRPO advantage
computation and token-level normalization in policy loss computation; (3) PRIME-Zero [24]: using
policy rollouts and outcome labels through implict process rewards; (4) OpenReasonerZero [7]: a
recent open-source implementation of RLVR methods. Except RLVR approaches from previous
work, we consider two kinds of baselines with our setting (1) On-Policy RL – we train on-policy RL
within RLVR paradigm using Dr.GRPO with the same reward and data. (2) Alternative Methods to
Incorporate Off-Policy Guidance – We consider three methods, namely SFT, we train the model with
the same prompts and reasoning traces as LUFFY using SFT; RL w/ SFT Loss, using SFT loss
during RL training; SFT + RL, two-stage training that continues RL training after SFT. For detailed
setup for training these methods, we refer readers to Appendix C.

5 Experimental Results

5.1 Main Results

SOTA performance on RLVR with Qwen2.5-Math-7B. Our main results are presented in Ta-
ble 1. We first compare LUFFY against other RLVR methods and our RLVR replication. All prior
methods are built upon Qwen2.5-Math-7B base models, differing in dataset composition (source and
difficulty) and optimization strategies, e.g., removing length and standard error normalization [6] or
incorporating process-level rewards [24]. Evaluated on six challenging competition-level benchmarks,
LUFFY achieves an average score of 50.1, significantly outperforming existing RLVR methods by a
substantial margin of +6.4 points, establishing a new state-of-the-art. Notably, while LUFFY exhibits
comparable performance in AIME 24, it demonstrates a significantly greater advantage on the newly

3https://huggingface.co/datasets/open-r1/OpenR1-Math-220k
4https://github.com/huggingface/Math-Verify
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Table 1: Overall in-distribution and out-of-distribution performance based on Qwen2.5-Math-7B.
We compare with the following baselines: (1) Qwen2.5-Math-7B-Instruct (Qwen-Instruct), (2) prior
RLVR approaches, (3) our replication of on-policy RL, and (4) alternative off-policy learning methods.
All models are evaluated under a unified setting. LUFFY† denotes training with extra steps (Table 2).
Bold and underline indicate the best and second-best results, respectively. ∗ represents significantly
better than baselines (p < 0.05).

Model In-Distribution Performance Out-of-Distribution Performance

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

Qwen-Base [30] 11.5/4.9 31.3 43.6 7.4 15.6 19.0 18.2 11.1 16.9 15.4
Qwen-Instruct [30] 12.5/10.2 48.5 80.4 32.7 41.0 37.6 70.3 24.7 34.1 43.0

Previous RLVR methods

SimpleRL-Zero [5] 27.0/6.8 54.9 76.0 25.0 34.7 37.4 30.2 23.2 34.5 29.3
OpenReasoner-Zero [7] 16.5/15.0 52.1 82.4 33.1 47.1 41.0 66.2 29.8 58.7 51.6
PRIME-Zero [24] 17.0/12.8 54.0 81.4 39.0 40.3 40.7 73.3 18.2 32.7 41.4
Oat-Zero [6] 33.4/11.9 61.2 78.0 34.6 43.4 43.7 70.1 23.7 41.7 45.2

Our On-policy RLVR Replication

On-Policy RL 25.1/15.3 62.0 84.4 39.3 46.8 45.5 82.3 40.4 49.3 57.3

Alternative Off-policy Learning Methods

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+RL 25.8/23.1 62.7 87.2 39.7 50.4 48.2 72.4 24.2 37.7 44.8

Our Methods

LUFFY 29.4/23.1 65.6 87.6 37.5 57.2 50.1* 80.5 39.9 53.0 57.8*
LUFFY† 30.7/22.5 66.2 86.8 41.2 55.3 50.4* 81.8 49.0 54.7 61.8*

released AIME 25 test set (+8.1), demonstrating its generalization to internalize nuanced reasoning
behaviors from off-policy traces. Compared to On-Policy RL, LUFFY improves performance by
+4.6 points on average, demonstrating the benefit of integrating high-quality off-policy traces.
Regarding out-of-distribution performance, LUFFY also demonstrates strong performance gain. Over
three challenging out-of-distribution benchmarks, LUFFY achieves an average score of 57.8 and
outperforms the best RLVR method OpenReasoner-Zero for +6.2 points. These findings underscore
the effectiveness of LUFFY in leveraging off-policy reasoning guidance for enhanced generalization
across diverse, out-of-distribution tasks.

Table 2: Comparison of resource requirements
between LUFFY and other off-policy methods.

Model GPU Hours Data Usage (On/Off)
LUFFY 77 × 8 64K × 7 / 64K
LUFFY† 130 × 8 110K × 7 / 110K
SFT 24 × 8 0 / 64K
RL w/ SFT Loss 133 × 8 64K × 7 / 64K
SFT+RL 130 × 8 64K × 8 / 135K
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Figure 3: Average performance on six mathe-
matical reasoning benchmarks of LUFFY on
different backbones (Details in Appendix E.2)

Comparing against other Off-Policy Learn-
ing Methods. Comparing LUFFY against alter-
native methods to incorporate Off-Policy Guid-
ance, we can see that LUFFY beats all three off-
policy baselines in in-distribution math reason-
ing tasks and achieves substantial improvements
over OOD tasks (+10.3 points). Compared
to SFT+RL, LUFFY is advantageous in both
in-distribution tasks (+1.9 points) and out-of-
distribution tasks (+16.1), with only 59% GPU
hours and much less off-policy data usage (Table
2). The additional GPU hours in SFT+RL and
RL w/ SFT Loss are largely attributed to ex-
cessively long generations induced by rigid im-
itation from SFT (Appendix F), which substan-
tially increase the computational overhead dur-
ing the RL roll-out stage. With matching GPU
hours, LUFFY† further enlarges the advantage,
providing a more robust and effective alternative
for distilling knowledge from stronger LRMs,
except for supervised fine-tuning [2, 36, 37]. In
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Figure 5: Training dynamics of LUFFY compared with on-policy RL. Left: outcome training rewards;
Middle: generation length; Right: generation entropy.

particular, we notice the SFT training causes the model to learn superficial and rigid imitation of
off-policy traces, and costs the model on out-of-distribution performance, while LUFFY selectively
and strategically learn from off-policy traces (Sec. 5.3 and App. F) to enhance its own policy rollouts.

Extending LUFFY to More Models. We further investigate whether LUFFY can be applied to
small models, instruction-tuned models, or weak models. To answer this question, we train LUFFY on
three more models, i.e., Qwen2.5-Math-1.5B (small models), Qwen2.5-Instruct-7B (instruction-tuned
models), and LLaMA-3.1-8B (weak models), and compare with their respective Instruct models
(black bar in Figure 3). LUFFY achieves consistent and substantial improvements, surpassing both
SFT and On-Policy RL for all three models, demonstrating the general applicability of LUFFY.
Specifically, LUFFY improves over on-policy RL for +8.0 points on Qwen2.5-Math-1.5B, +3.6
points on Llama-3.1-8B, and +5.5 points on Qwen2.5-Instruct-7B.

5.2 LUFFY Succeeds Where On-Policy Fails
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Figure 4: Training rewards of LLaMA-3.1 8B
on the Easy and Hard training set.

More interestingly, we observe that LUFFY can
successfully train models in scenarios where on-
policy RLVR fails. We conduct experiments
using LLaMA-3.1-8B on two subsets of vary-
ing difficulty (Easy and Hard), with details pro-
vided in Appendix C. As shown in Figure 4,
on-policy reinforcement learning performs well
on the Easy subset but fails on the Hard subset,
where training rewards collapse to zero, since
on-policy rollouts struggle to obtain positive
feedback signals. In contrast, LUFFY achieves
stable reward improvements on both datasets,
highlighting its robustness and its ability to over-
come limitations imposed by model capacity.

5.3 Training Dynamics

Strategically Learning from Guidance. Figure 5 illustrates the training dynamics regarding
training rewards, generation length and entropy for On-Policy RL and LUFFY. Initially, LUFFY
primarily imitates off-policy trajectories, as indicated by the increasing generation length gradually
aligning with the off-policy reasoning traces (middle part of Figure 5). At this early stage, imitation
dominates, causing an initial performance dip (left part of Figure 5) as the model adjusts to external
guidance and potentially sophisticated cognitive behaviors [38]. As training progresses, on-policy
rollouts gradually become more prominent, fostering independent exploration within the model’s
own sampling space while effectively retaining insights gained from off-policy demonstrations. This
guided exploration brings growing advantages (training rewards) over On-Policy RL. uently, LUFFY
achieves a dynamic balance between imitation and exploration, leading to more effective off-policy
learning (Section F). These results highlight that LUFFY selectively adopts valuable reasoning patterns
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rather than blindly imitating off-policy traces. Such strategic off-policy learning is further evidenced
in reasoning behaviors during inference, such as generation length and exploration (Appendix F).

Maintaining Exploration. Figure 5 (Right) illustrates that LUFFY consistently sustains higher
entropy compared to On-Policy RL throughout the entire training process. Specifically, the gen-
eration entropy of On-Policy RL rapidly converges to nearly zero after approximately 200 steps,
indicating a highly deterministic policy with limited exploration potential. Conversely, the elevated
entropy observed in LUFFY allows continuous exploration of less confident yet potentially superior
policies, facilitating the discovery and learning of novel cognitive behaviors. Interestingly, we observe
entropy fluctuations and even occasional increases, such as between steps 200 and 250, reflecting
ongoing exploration of low-probability but crucial actions, also referred to as pivotal tokens [39, 25].
This strategic exploration enables the model to escape local optima, thus improving its convergence
towards more globally optimal solutions.

5.4 Policy Shaping Encourages Continuous Exploration
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Figure 6: Effects of policy shaping.

Figure 6 illustrates the validation performance over the
course of training, shedding light on the impact of pol-
icy shaping. Mixed-Policy achieves rapid early gains,
significantly outperforming On-Policy RL at the start.
However, its performance soon plateaus and eventually
converges with On-Policy RL, whereas LUFFY continues
to improve steadily. These trends are consistent with our
earlier analysis of entropy collapse (Section 3.2), under-
scoring the role of policy shaping as an effective regu-
larizer that prevents premature convergence and sustains
performance gains in later stages of training.

6 Related Work

RL for LRMs Recent advances have demonstrated remarkable progress in enhancing LLMs’
reasoning capabilities through RL approaches [2, 1, 3, 40], including DeepSeek-R1, OpenAI-
o1, and Kimi-1.5. Subsequent work systematically investigate RL with purely verifiable rewards
(RLVR) [5, 7, 24, 6, 41], providing insights into how this approach enables complex reasoning.
Various advances have been proposed for reasoning enhancement. Test-time adaptation mecha-
nisms [36, 42] demonstrate potential in dynamic optimization, but remain bounded by inherent model
knowledge. While structured reasoning approaches [43, 37, 44, 45] have demonstrated that complex
reasoning capabilities can emerge from strategically designed prompting and training strategies. The
development of RL optimization techniques [46, 47, 48, 6] has contributed novel training paradigms
and optimization objectives that specifically target the enhancement of reasoning capabilities. How-
ever, recent studies [8, 9] demonstrate that on-policy learning is limited by vast exploration space and
primarily amplifies existing behaviors. Existing approaches optimize within model boundaries rather
than expanding reasoning horizons. In the meantime, SFT replaces old capabilities [49] but might
not generalize to other domains [50]. Our approach leverages off-policy reasoning traces to transcend
these cognitive constraints while preserving self-driven exploration capabilities.

On-Policy and Off-Policy RL Reinforcement learning algorithms are fundamentally distinguished
by their approach to experience utilization during policy optimization. On-policy methods (e.g.,
TRPO [23], A2C/A3C [51], PPO [21]) strictly update using trajectories from the current policy,
ensuring training stability but potentially constraining the exploration space. In contrast, off-policy
algorithms (e.g., DQN [52],TD3 [53], SAC [54]) leverage experiences from diverse policies, offer-
ing superior sample efficiency while introducing optimization challenges due to distribution shift.
Extending to LLM training, on-policy methods are more commonly adopted, with approaches like
GRPO [12], REINFORCE [55], and PPO [21] demonstrating strong performance through various op-
timization techniques. PRIME [24] and NFT [56] models the implicit policy to utilize self-generated
answers. Meanwhile, off-policy approaches like DPO [57] offer alternative optimization frameworks
by reformulating preference learning as classification. To leverage advantages from both paradigms,
our work bridges these approaches through policy shaping with regularized importance sampling,
effectively combining on-policy optimization with off-policy guidance.
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7 Conclusion

We presented LUFFY, a simple yet powerful framework that integrates off-policy reasoning guidance
into the RLVR paradigm. By dynamically balancing imitation and exploration, LUFFY effectively
leverages external reasoning traces without sacrificing the model’s ability to discover novel solutions.
Our method outperforms strong baselines across competitive math benchmarks and generalizes
robustly to out-of-distribution tasks, surpassing both on-policy RLVR and off-policy baselines. These
results highlight the promise of off-policy learning as a scalable and principled path toward building
more general, capable, and self-improving reasoning models. Future work may focus on extending
LUFFY to broader domains or modalities [58] and further refining policy shaping to maximize
exploration under off-policy guidance.
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A Limitations

Firstly, we mainly focus on math reasoning RL training that has the golden answer and support
verifiable rewards. Other tasks, especially ones without verifiable rewards, are not discussed in
our manuscript. For instance, in open-ended generation tasks, the reward may be evaluated by an
in-domain reward model. Secondly, we focus on 7B and smaller foundation models, due to the
limited computational resources. Scaling LUFFY to larger models could be an interesting topic,
given scaling law [59, 60] is one of the most powerful principles in the area of large language models.
Finally, as we are the first to incorporate off-policy guidance into the RLVR paradigm, we are limited
to only including one off-policy trajectory per question, and find that one trajectory is already strong.
However, extending off-policy guidance to multiple trajectories and multiple teachers could help the
performance even further.

B Theoretical Proof

B.1 Convergence Rate of the Importance-Weighted Policy Gradient Estimator

We study the nonconvex finite-sum problems of the form

max
θ∈Rd

J(θ) :=
1

n

n∑
i=1

Ji(θ), (9)

where both J and Ji (i ∈ [n]) may be nonconvex. We denote the class of such finite-sum Lipschitz
smooth functions by J ∈ Jn. Here, we optimize functions in Jn of our importance-weighted policy
gradient estimator.
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The vanilla policy gradient algorithm maximizes the expected advantage function (equivalent to
minimizing the negative expected advantage function) as

max
θ∈Rd

J(θ) = Eτ∼πθ
[A(τ)] ≈ 1

n

n∑
i=1

[A(τi)] , (10)

According to the Policy Gradient Theorem [61], the vanilla policy gradient estimator has the following
form:

∇J(θ) = Eτ∼πθ
[∇ log πθ(τ) ·A(τ)] ≈ 1

n

n∑
i=1

[∇ log πθ(τi) ·A(τi)] , (11)

where we use ∇J(θ) to denote ∇θJ(θ) for simplicity. Our algorithm draws samples from another
behavior policy πϕ, resulting in an importance-weighted policy gradient estimator as

∇̃J(θ) = Eτ∼πϕ

[
πθ(τi)

πϕ(τi)
· ∇ log πθ(τ) ·A(τ)

]
≈ 1

n

n∑
i=1

[wi · ∇Ji(θ)] , (12)

where wi =
πθ(τi)
πϕ(τi)

is the importance weight assigned to sample i.

Let αk denote the learning rate at iteration k, and wik be the instance weight assigned to sample i by
our algorithm. By stochastic gradient ascent, our algorithm has the following update rule:

θk+1 = θk + αkwik∇Jik(θ
k), i ∈ [n]. (13)

Definition 1. For J ∈ Jn, our algorithm takes an index i ∈ [n] and a point x ∈ Rd, and returns the
pair (Ji(θ),∇Ji(θ)).

Definition 2. We say J : Rd → R is Lipschitz smooth (L-smooth) if there is a constant L such that

||∇J(ϑ)−∇J(θ)|| ≤ L||ϑ− θ||, ∀ϑ,θ ∈ Rd. (14)

Definition 3. A point θ is called ϵ-accurate if ||∇J(θ)||2 ≤ ϵ. A stochastic iterative algorithm is
said to achieve ϵ-accuracy in k iterations if E[||∇J(θk)||2 ≤ ϵ, where the expectation is over the
stochasticity of the algorithm.

Definition 4. We say J ∈ Jn has σ-bounded gradients if ||∇Ji(θ)|| ≤ σ for all i ∈ [n] and θ ∈ Rd.

Definition 5. We say the positive instance weight w in our algorithm is bounded if there exist
constants w and w such that w ≤ wi ≤ w for all i ∈ [n].

Theorem 1. Suppose the objective function of the policy gradient algorithm J ∈ Jn, where Jn is the
class of finite-sum Lipschitz smooth functions, has σ-bounded gradients, and the importance weight

w = πθ/πϕ is clipped to be bounded by [w,w]. Let αk = α = c/
√
K where c =

√
2(J(θ∗)−J(θ0))

Lσ2ww ,
and θ∗ is an optimal solution. Then, the iterates of our algorithm in Eq. (??) satisfy:

min
0≤k≤K−1

E[||∇J(θk)||2] ≤

√
2(J(θ∗)− J(θ0))Lw

Kw
σ.

Proof. According to the Lipschitz continuity of ∇J , the iterates of our algorithm satisfy the following
bound:

E[J(θk+1)] ≥ E[J(θk) + ⟨∇J(θk),θk+1 − θk⟩ − L

2
||θk+1 − θk||2]. (15)

After substituting (13) into (15), we have:

E[J(θk+1)] ≥ E[J(θk)] + αkwkE[||∇J(θk)||2]− Lα2
kw

2
k

2
E[||∇Jik(θ

k)||2]

≥ E[J(θk)] + αkwkE[||∇J(θk)||2]− Lα2
kw

2
k

2
σ2. (16)
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The first inequality follows from the unbiasedness of the stochastic gradient Eit [∇Jik(θ
k)] =

∇J(θk). The second inequality uses the assumption on gradient boundedness in Definition 4.
Re-arranging (16) we obtain

E[||∇J(θk)||2] ≤ 1

αkwk
E[J(θk+1)− J(θk)] +

Lαkwk

2
σ2. (17)

Summing (17) from k = 0 to K − 1 and using that αk is fixed α we obtain

min
t

E[||∇J(θk)||2] ≤ 1

K

K−1∑
k=0

E[||∇J(θk)||2]

≤ 1

K

K−1∑
k=0

1

αwk
E[J(θk+1)− f(θk)] +

1

K

K−1∑
k=0

Lαwk

2
σ2

≤ 1

Kαw

(
J(θK)− J(θ0)

)
+

Lαw

2
σ2

≤ 1

Kαw

(
J(θ∗)− J(θ0)

)
+

Lαw

2
σ2

≤ 1√
K

(
1

cw
(J(θ∗)− J(θ0)) +

Lcw

2
σ2

)
. (18)

The first step holds because the minimum is less than the average. The second step is obtained
from (17). The third step follows from the assumption on instance weight boundedness in Definition 5.
The fourth step is obtained from the fact that J(θ∗) ≥ J(θK). The final inequality follows upon
using α = c/

√
K. By setting

c =

√
2(J(θ0)− J(θ∗))

Lσ2ww
(19)

in the above inequality, we get the desired result.

As seen in Theorem 1, our importance-weighted policy gradient estimator has a convergence rate of
O(1/

√
K). Equivalently, the time complexity of our algorithm to obtain an ϵ-accurate solution is

O(1/ϵ2). Note that our choice of step size α requires knowing the total number of iterations K in
advance. A more practical approach is to use a time-decayed step size of αk ∝ 1/

√
k or αk ∝ 1/k.

B.2 Informal Analysis on Variance of Regularized Importance Sampling

Importance sampling is a widely spread Monte-Carlo technique that adopts a reweighting strategy to
estimate the so-called target distribution using samples from another distribution. A major drawback
of vanilla importance sampling is the large variance of the weights, which is known to impact the
accuracy of the estimates badly. In Sec. 3.2, we regularize the importance weights to enhance learning
from low-probability tokens with the shaping function:

f(x) =
x

x+ γ
, γ ∈ [0, 1], (20)

where x = πθ

πϕ
∈ (0,+∞) is the original weight. We consider the first-order approximation of f(x)

by Taylor expansion as

f(x) = f(u) + f ′(u)(x− u) +

∞∑
n=2

f (n)(u)

n!
(x− u)n

≈ f(u) + f ′(u)(x− u)

(21)

Suppose that πϕ dominates πθ, and we have E[x] = E[ πθ

πϕ
] = 1. We consider the Taylor expansion

at point u = 1 as

f(x) ≈ f(1) + f ′(1)(x− 1) =
1

1 + γ
+

γ

(1 + γ)2
(x− 1) (22)
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The variance of the first-order approximation of f(x) is

Var[f(x)] ≈ Var
[

γ

(1 + γ)2
(x− 1)

]
=

(
γ

(1 + γ)2

)2

Var[x] (23)

Since
(

γ
(1+γ)2

)2

≪ 1, we have Var[f(x)] ≪ Var[x].

Further, we analyze the variance of the regularized importance weights f(x) = x
x+γ , γ ∈ (0, 1) given

a special case that the original weight variable x follow a specific distribution as p(x) = e−x, x > 0.
This distribution makes sense for the importance weight x = πθ(τ)

πϕ(τ)
in our setting. First, with the

distribution p(x) = e−x, the expectation of x is Ep(x)[x] =
∫∞
0

e−xdx = 1. This matches the

expectation of the importance weight as E[x] = E
[
πθ(τ)
πϕ(τ)

]
= 1, given that πϕ(τ) dominates πθ(τ).

Second, the probability density p(x) decreases as x gets larger, which matches the intuition that the
importance weight x = πθ(τ)

πϕ(τ)
tends to have smaller values. πϕ(τ) is the probability of an expert

trajectory under the assumed optimal policy, which is likely to produce large values as πϕ(τ) → 1.
πθ(τ) is the probability of an expert trajectory under the current policy, which is usually small,
especially at the early learning stage.
In this case, the variance of the original importance weight is

Var[x] = Ep(x)[x
2]− Ep(x)[x]

2

=

∫ ∞

0

x2e−xdx− 1

= 1.

(24)

The variance of the regularized importance weight is

Var[f(x)] = Ep(x)[f(x)
2]− Ep(x)[f(x)]

2

=

∫ ∞

0

e−x

(
x

x+ γ

)2

dx−
(∫ ∞

0

xe−x

x+ γ
dx

)2

=
(
2− 2γeγE1(γ)− 2γ2eγE3(γ)

)
− (1− γeγE1(γ))

2

= 1− 2γ2eγE3(γ)− γ2e2γE1(γ)
2

< 1

(25)

where E1(γ)=
∫∞
γ

e−u

u du > 0 and E3(γ)=
∫∞
γ

e−u

u3 du > 0. Hence, we have Var[f(x)] < Var[x].
In summary, with the above informal analysis, we show that our regularized importance weights can
achieve reduced variance, thus providing more stable training for leveraging off-policy guidance.

C Experimental Details

C.1 Detailed Setup

Easy and Hard Training Set These two datasets of different difficulties are generated from subsets
of the OpenR1-MATH-220K dataset. We first filter the questions for which DeepSeek-R1 can
generate a correct answer. Then, we split the data according to the length of DeepSeek-R1’s solution.
We coin questions R1 can solve within 2k tokens as Easy set and those within 4k tokens as the Hard
set, respectively. Intuitively, the more tokens needed for Deepseek-R1 to generate a correct answer,
the more difficult the question is. Finally, the Easy dataset contains 7.3k prompts, and the Hard
dataset contains 25.4k prompts.

Training. In addition to Qwen2.5-Math-7B, we extend LUFFY to Qwen2.5-Math-1.5B [30] and
Qwen2.5-Instruct-7B [31], and LLaMA 3.1-8B [32]. To ensure fairness, we maintain 8 samples per
prompt for all RL-trained models. The learning rate is constantly set as 1e-6. All training experiments
are conducted using 8 A100 GPUs. We train 500 steps for all RL models and three epochs for SFT
models. The only exception is LUFFY†, which is trained for 860 steps to match the GPU hour of SFT
+ RL.
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Our implementation is based on verl5, which uses vLLM6 as the rollout generators. We are thankful
for these open-source repositories.

Qwen2.5-Series Models. Since the context length of Qwen2.5-Math is 4096 and the generation
length of off-policy samples could be lengthy, we change the rope theta from 10000 to 40000 and
extend the window size to 16384. For Qwen2.5-Instruct, the context window is large enough. Hence,
we do not change the model configurations. For all Qwen2.5-Series models, we use the same dataset
as described in Sec. 4.

Llama-3.1-8B. For Llama3.1-8B, we follow Simple-RL-Zoo [20] and use a simplified prompt, and
we do not ask the model to generate <think>/</think> tokens.
The dataset used for LLaMA3.1-8B is the subset of OpenR1-Math-220k we used with Qwen2.5-
Series models, selected by the length of DeepSeek-R1’s correct solution, i.e., 0-2k tokens (Easy
training set described in Sec. 5.2). We find that on-policy RL fails on other subsets, such as the Hard
training set (0-4k) or the same data used in Qwen2.5-Series.

SFT. For all SFT models, we train on the same DeepSeek-R1 generated traces and prompts
as LUFFY. We follow the SFT setting from open-r1/OpenR1-Qwen-7B7, which reproduces the
performance of Deepseek-R1’s distilled model. We train each model for 3 epochs. The train batch
size is 64, and the learning rate is 5e-5. We use learning rate warmup ratio 0.1 and set the max length
to 16k.

RL w/ SFT Loss. For multi-tasking RL and SFT objectives, we compute the on-policy loss on 7
on-policy samples and SFT loss on 1 off-policy sample per prompt. The other setup is the same as
other RL experiments.

SFT + RL We use the same SFT model described earlier and further conduct RLVR training for 500
more steps. Following previous literature [24], we use the held-out dataset of OpenR1-Math-220k,
resulting in around 49k prompts.

C.2 System Prompt

All our trained models, except LLaMA-3.1-8B, share the same system prompt for training and
inference:

Your task is to follow a systematic, thorough reasoning process before providing the final solu-
tion. This involves analyzing, summarizing, exploring, reassessing, and refining your thought
process through multiple iterations. Structure your response into two sections: Thought and
Solution. In the Thought section, present your reasoning using the format: “<think>\n
thoughts </think>\n”. Each thought should include detailed analysis, brainstorming, veri-
fication, and refinement of ideas. After “</think>\n” in the Solution section, provide the
final, logical, and accurate answer, clearly derived from the exploration in the Thought section.
If applicable, include the answer in \boxed{} for closed-form results like multiple choices
or mathematical solutions.
User: This is the problem: {QUESTION}
Assistant: <think>

For LLaMA-3.1-8B, we do not use the above system prompt as we find the model cannot follow
such an instruction. Thus, we use a simplified version that only includes the CoT prompt and do not
include <think> token.

User: {QUESTION}
Answer: Let’s think step by step.

5https://github.com/volcengine/verl
6https://github.com/vllm-project/vllm
7https://huggingface.co/open-r1/OpenR1-Qwen-7B
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C.3 Significance Test

We report the significance test results in our main results, i.e., Table 1. The significance test [62]
is calculated by paired bootstrapping resampling, and the sample size is 1000 times. The null
hypothesis asserts that any observed difference is merely due to random sampling variation rather
than representing a genuine effect or difference between the two groups.
From our results, we can see that LUFFY and LUFFY† significantly outperform all baseline methods.

D Case Study

A demonstrative case study (Fig.7) comparing our proposed approach (LUFFY) against baseline
methods (SFT and GPRO) in mathematical problem solving reveals distinct characteristics in rea-
soning patterns. SFT demonstrates redundant and circular reasoning with excessive repetition (over
8,129 tokens), while GPRO shows concise but unfounded deduction (1002 tokens), both leading to
incorrect conclusions. In contrast, LUFFY presents a well-balanced approach (2623 tokens) that
combines systematic decomposition with clear mathematical calculation. Through rigorous reasoning
and proper verification steps, LUFFY successfully reaches the correct answer, demonstrating the
effectiveness of our methodology in achieving both accuracy and efficiency.

E Additional Results

E.1 Removing On-policy Clip
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Figure 8: Ratio of clipped signals.
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Figure 9: Accuracy versus the choice
of γ.

The clipping mechanism is introduced to constrain policy
updates within a trust region [23], thereby ensuring stable
training. However, when incorporating off-policy guid-
ance, the target behavior may deviate significantly from
the model’s current policy, especially early in training.
As shown in Figure 8, LUFFY experiences more frequent
clipping compared to On-Policy RL, which can suppress
learning from high-quality off-policy traces. To address
this, we remove the on-policy clip to allow greater flexi-
bility in updating toward unfamiliar yet effective actions,
thereby unlocking the model’s capacity to better integrate
off-policy reasoning behaviors.

E.2 Extension to More Models

Table 3 presents the detailed performance across six chal-
lenging competition-level benchmarks for Qwen2.5-Math-
1.5B, Qwen2.5-Instruct-7B, and LLaMA-3.1-8B. On all
three models, LUFFY achieves consistent and substantial
improvements, surpassing both SFT and On-Policy RL.
On Qwen2.5-Math-1.5B, LUFFY attains an average score
of 38.0, demonstrating notable gains of +6.1 and +8.0
points over SFT and On-Policy RL, respectively. Similar
advantages are observed on the Qwen2.5-Instruct-7B and
LLaMA-3.1-8B, where LUFFY consistently outperforms
baselines across all benchmarks.

E.3 Ablation Study

In this section, we perform an ablation study to examine
the contributions of LUFFY components, as summarized in
Table 4. Shaping and NoClip both positively contribute to
the final performance of Mixed-Policy training. However,
applying these enhancements without off-policy guidance
(On-Policy + No Clip/Shaping) does not yield improvement, underscoring the necessity of external
signals to acquire nuanced and generalizable reasoning skills.
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Table 3: Overall performance on six competition-level benchmark performance on Qwen2.5-Math-
1.5B, Qwen2.5-Instruct-7B and LLaMA-3.1-8B.

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

Qwen2.5-Math-1.5B-Base [30] 7.2 3.6 26.4 28.0 9.6 21.2 16.0
Qwen2.5-Math-1.5B-Instruct [30] 12.1 8.9 48.1 77.4 28.7 39.1 35.7

SFT 11.7 13.2 37.8 70.6 26.8 31.3 31.9
On-Policy RL 11.8 7.7 40.2 61.8 26.8 32.0 30.0
LUFFY 16.0 13.1 47.1 80.2 30.5 41.0 38.0

Qwen2.5-Instruct-7B

Qwen2.5-7B-Instruct [31] 11.7 7.5 43.8 71.8 30.9 40.4 34.4

SFT 7.9 9.2 36.0 68.6 21.3 31.1 29.0
On-Policy RL 14.1 8.3 43.5 74.0 33.8 37.6 35.2
LUFFY 17.7 14.8 50.9 82.0 31.3 47.4 40.7

LLaMA-3.1-8B

LLaMA-3.1-8B-Instruct [32] 5.1 0.4 18.6 44.6 19.5 14.1 17.1

SFT 0.5 0.1 5.4 20.2 4.0 5.3 5.9
On-Policy RL 0.3 0.5 9.4 23.4 17.6 6.1 9.6
LUFFY 1.9 0.1 13.5 39.0 15.1 9.6 13.2

Table 4: Ablation study on LUFFY components.
Model AIME 24 AIME 25 AMC MATH-500 Minerva Olympiad Avg.
Mixed-Policy RL 19.4 17.7 58.9 84.6 35.7 49.9 44.4

+ Shaping 27.4 21.7 61.2 86.6 37.1 53.0 47.8
+ Shaping + NoClip 29.4 23.1 65.6 87.6 37.5 57.2 50.1

On-Policy RL 25.1 15.3 62.0 84.4 39.3 46.8 45.5
+ Shaping 21.3 13.6 58.0 80.6 36.8 41.8 42.0
+ No Clip 21.5 17.4 61.1 83.4 36.8 49.0 44.9

E.4 Hyperparameter Study

In this section, we study the choice of γ in policy shaping function. The results are shown in Figure
9, trained from Qwen2.5-Math-7B. We choose γ value from [0.05, 0.1, 0.2, 0.3, 0.5]. When γ = 0.1,
the model performs the best with 50.1 accuracy scores, and increasing or decreasing this value leads
to a notable decline in model performance. Therefore, we consistently use γ = 0.1 throughout our
experiments.

F Analysis
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Figure 10: Generation length of correct and
incorrect solutions.

In this section, we analyze how LUFFY effectively
leverages off-policy guidance, i.e., imitating to
illuminate, to improve reasoning quality and gen-
eralization.

F.1 LUFFY Learns Strategically from
Off-Policy Traces, While SFT Imitates Rigidly

We compare the generation length distributions
of LUFFY and SFT on the combined set of six
mathematical reasoning benchmarks. As shown
in Figure 10, LUFFY produces significantly shorter
generations on average (2,832 tokens) compared
to SFT (4,646 tokens), suggesting a more effec-
tive reasoning process that balances imitation and
exploration. This observation helps explain the
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excessive training costs of methods that naively combine SFT and RL, e.g., SFT+RL and RL w/
SFT Loss (Table 2), as these models spend substantially more compute on producing unnecessarily
lengthy CoTs during the RL roll-out stage. In contrast, SFT often mimics the surface form of off-
policy demonstrations without genuinely engaging in problem-solving. This behavior is especially
evident in incorrect outputs, where SFT frequently generates overly long and ultimately unproductive
reasoning traces. These results indicate that while both methods are exposed to similar off-policy
signals, LUFFY learns to selectively internalize useful reasoning patterns, whereas SFT tends to overfit
to superficial features of the off-policy data.
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Figure 11: Generation length of RL w/
SFT Loss and LUFFY.

We further analyze the generation lengths of RL w/ SFT
Loss and LUFFY during training, as shown in Figure 11.
RL w/ SFT Loss quickly imitates the off-policy traces,
exhibiting a steep increase in generation length early in
training. However, it soon becomes trapped in the superfi-
cial patterns of the demonstrations, leading to excessively
long outputs that even surpass the length of the original
off-policy traces. In contrast, LUFFY’s dynamic advan-
tage balancing between on-policy and off-policy rollouts
encourages more strategic learning. As a result, its gener-
ation length grows more gradually and steadily, reflecting
a more selective and grounded adoption of reasoning be-
havior.
Beyond generation length, imitation behavior can also be
observed through the similarity between model outputs
and off-policy traces. To quantify this, we compare genera-
tions from SFT, On-Policy RL, and LUFFY against those
from DeepSeek-R1 on a held-out set of 1,000 samples,
using BLEU [63] as the similarity metric. The resulting
BLEU scores are 57.5 for SFT, 8.8 for On-Policy RL, and 44.8 for LUFFY, reflecting the strong
imitation behavior of SFT and the more selective, yet substantial, imitation in LUFFY. We present a
case study in Appendix D.

F.2 LUFFY Can Explore During Test-time While SFT Cannot.
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Figure 12: Pass@8 accuracy (on the
merge sets of AIME 2024 and AMC)
under different generation tempera-
tures.

We compute pass@8 accuracy on the combined AIME
2024 and AMC datasets, varying the generation temper-
ature from 0.1 to 1.0. As shown in Figure 12, both RL-
based methods (On-Policy RL and LUFFY) exhibit strong
exploratory capabilities, with pass@8 improving as the
temperature increases, showing potential in scaling test-
time compute [64]. In contrast, although SFT performs
comparably to LUFFY under near-deterministic decoding
(temperature 0.1), its performance deteriorates at higher
temperatures, failing to uncover additional correct reason-
ing paths. This highlights the fragility and limited adapt-
ability of SFT, which aligns with prior findings [65, 66]
that suggest SFT tends to memorize reasoning patterns
rather than learning generalizable reasoning capability.
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Case Study

Prompt: <system prompt> This is the problem: A diagonal of a regular 2006-gon is called
odd if its endpoints divide the boundary into two parts, each composed of an odd number of
sides. Sides are also regarded as odd diagonals. Suppose the 2006-gon has been dissected
into triangles by 2003 nonintersecting diagonals. Find the maximum possible number of
isosceles triangles with two odd sides.

SFT
Response:
<think>
[Problem Restatement Not
Analysis]
Okay, let’s try to tackle this
problem.
So, we have a regular 2006-
gon, and we need to find the
maximum number of isosce-
les triangles...
[Endless Definition Loop]
Let me break this down step
by step. First, let’s recall
some basics about regular
polygons and their diago-
nals...
Hmm, maybe they mean that
sides are considered as diago-
nals here?...
Hmm, maybe they are us-
ing "diagonal" in a different
sense here...
Alternatively, maybe the
problem is using d̈iagonalẗo
mean any chord...
[Wait-Pattern Paralysis]
Wait, but in the problem state-
ment...
Wait, but sides are chords...
Wait, but in the problem’s
definition, sides are odd diag-
onals...
[Small-Case Trap]
Let’s take a regular polygon
with a small even number of
sides, say 4 (a square). A
triangulation of a square has
2 triangles...
[Complete Breakdown]
but diagon diagon polygon.<
odd diagon in the odd of odd
diagon = think... wait diagon
diagon diagon diagon...
Tokens Length: > 8192
Correctness: False

On-Policy RL
Response:
<think>
[Formulaic Decomposition]
To solve this problem, we
need to understand ...
[Pseudo-Systematic Struc-
ture]
Let’s step-by-step.
1.Understanding the ... if we
label the vertices of the poly-
gon as (V_1,..., V_2006)...
[Circular Property Descrip-
tion]
Properties of Odd Diago-
nals... Properties of trian-
gulation... Properties of the
polygon...
[False Authority Appeal]
The number of isosceles tri-
angles with two odd sides
in a triangulation of a regu-
lar polygon is a well-known
problem in combinatorial ge-
ometry...
[Unsubstantiated Conclu-
sion]
For a 2006-gon, the maxi-
mum number of such trian-
gles is 501.
</think>
[Final Answer]
The maximum possible num-
ber of isosceles triangles with
two odd sides in a triangula-
tion of a regular 2006-gon is
501 .

Tokens Length: 1002
Correctness: False

LUFFY
Response:
<think>
[Clear Problem Definition]
To solve this problem, we
need to understand ... and
how it can be ... We are
specifically interested in ...
[Systematic Decomposition
and Analysis]
First, let’s define some terms
and properties...
Step 1: Understanding Odd
Diagonals...
Step 2: Properties of Isosce-
les Triangles in a Regular
Polygon...
Step 3: Counting Odd Diago-
nals...
Step 4: Dissecting the Poly-
gon into Triangles...
[Precise Mathematical Calcu-
lation]
"For each vertex, there are
1002 vertices at an odd dis-
tance...
[Logical Verification]
Given that each isosceles tri-
angle with two odd sides uses
one odd diagonal and one
side...
[Consistency Check]
"Let’s verify the logic:
1. Odd Diagonals ...
2. Dissection ..."
</think>
[Final Answer]
Thus, the maximum possible
number of isosceles triangles
with two odd sides is 1003 .
Tokens Length: 2623
Correctness: True

Answer: "$1003$"

Figure 7: Comparison of three approaches (SFT, On-Policy RL, and LUFFY) for a geometric problem.
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NeurIPS Paper Checklist

1. Claims
Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?
Answer: [Yes]
Justification: We have provided extensive experimental results to show that introducing
off-policy effective enhance the performance of reinforcement learning and alleviate the
limitation posed by model capability.
Guidelines:

• The answer NA means that the abstract and introduction do not include the claims
made in the paper.

• The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

• The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

• It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]
Justification: We include a section discussing limitations (Section A)
Guidelines:

• The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

• The authors are encouraged to create a separate "Limitations" section in their paper.
• The paper should point out any strong assumptions and how robust the results are to

violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

• The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

• The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

• The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

• If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

• While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory assumptions and proofs
Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?
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Answer: [Yes]

Justification: We have provided complete theory and proof in Section B.

Guidelines:

• The answer NA means that the paper does not include theoretical results.
• All the theorems, formulas, and proofs in the paper should be numbered and cross-

referenced.
• All assumptions should be clearly stated or referenced in the statement of any theorems.
• The proofs can either appear in the main paper or the supplemental material, but if

they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

• Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

• Theorems and Lemmas that the proof relies upon should be properly referenced.

4. Experimental result reproducibility
Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]

Justification: We present the experimental details that disclose reproduction information in
Section 4 and Appendix C.

Guidelines:

• The answer NA means that the paper does not include experiments.
• If the paper includes experiments, a No answer to this question will not be perceived

well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.

• If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.

• Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

• While NeurIPS does not require releasing code, the conference does require all submis-
sions to provide some reasonable avenue for reproducibility, which may depend on the
nature of the contribution. For example
(a) If the contribution is primarily a new algorithm, the paper should make it clear how

to reproduce that algorithm.
(b) If the contribution is primarily a new model architecture, the paper should describe

the architecture clearly and fully.
(c) If the contribution is a new model (e.g., a large language model), then there should

either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code
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Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?

Answer: [Yes]

Justification: We provide our code and data in supplementary files.

Guidelines:

• The answer NA means that paper does not include experiments requiring code.
• Please see the NeurIPS code and data submission guidelines (https://nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

• While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

• The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//nips.cc/public/guides/CodeSubmissionPolicy) for more details.

• The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

• The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

• At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

• Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLs to data and code is permitted.

6. Experimental setting/details
Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer: [Yes]

Justification: We have specify all the details in Section 4 and Appendix C.

Guidelines:

• The answer NA means that the paper does not include experiments.
• The experimental setting should be presented in the core of the paper to a level of detail

that is necessary to appreciate the results and make sense of them.
• The full details can be provided either with the code, in appendix, or as supplemental

material.

7. Experiment statistical significance
Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer: [Yes]

Justification: We add significance test in our main results Table 1 and explain how to
compute the significance test result in Appendix C.3.

Guidelines:

• The answer NA means that the paper does not include experiments.
• The authors should answer "Yes" if the results are accompanied by error bars, confi-

dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.

• The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).
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• The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

• The assumptions made should be given (e.g., Normally distributed errors).
• It should be clear whether the error bar is the standard deviation or the standard error

of the mean.
• It is OK to report 1-sigma error bars, but one should state it. The authors should

preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

• For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

• If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.

8. Experiments compute resources
Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?
Answer: [Yes]
Justification: We have discuss the resource used in Table 2 and Appendix C.
Guidelines:

• The answer NA means that the paper does not include experiments.
• The paper should indicate the type of compute workers CPU or GPU, internal cluster,

or cloud provider, including relevant memory and storage.
• The paper should provide the amount of compute required for each of the individual

experimental runs as well as estimate the total compute.
• The paper should disclose whether the full research project required more compute

than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

9. Code of ethics
Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?
Answer: [Yes]
Justification: We strictly conform with the NeurIPS Code of Ethics
Guidelines:

• The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.
• If the authors answer No, they should explain the special circumstances that require a

deviation from the Code of Ethics.
• The authors should make sure to preserve anonymity (e.g., if there is a special consid-

eration due to laws or regulations in their jurisdiction).
10. Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?
Answer: [Yes]
Justification: Here is no societal impact of the work performed.
Guidelines:

• The answer NA means that there is no societal impact of the work performed.
• If the authors answer NA or No, they should explain why their work has no societal

impact or why the paper does not address societal impact.
• Examples of negative societal impacts include potential malicious or unintended uses

(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.
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• The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

• The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

• If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

11. Safeguards
Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?
Answer: [NA]
Justification: This paper poses no such risks.
Guidelines:

• The answer NA means that the paper poses no such risks.
• Released models that have a high risk for misuse or dual-use should be released with

necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

• Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

• We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

12. Licenses for existing assets
Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?
Answer: [Yes]
Justification: We properly credited assets including vLLM and verl in Appendix C, with
licenses properly respected.
Guidelines:

• The answer NA means that the paper does not use existing assets.
• The authors should cite the original paper that produced the code package or dataset.
• The authors should state which version of the asset is used and, if possible, include a

URL.
• The name of the license (e.g., CC-BY 4.0) should be included for each asset.
• For scraped data from a particular source (e.g., website), the copyright and terms of

service of that source should be provided.
• If assets are released, the license, copyright information, and terms of use in the

package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

• For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.
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• If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.

13. New assets
Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?
Answer: [NA]
Justification: This paper does not release new assets.
Guidelines:

• The answer NA means that the paper does not release new assets.
• Researchers should communicate the details of the dataset/code/model as part of their

submissions via structured templates. This includes details about training, license,
limitations, etc.

• The paper should discuss whether and how consent was obtained from people whose
asset is used.

• At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.

14. Crowdsourcing and research with human subjects
Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?
Answer: [NA]
Justification: This paper does not involve crowdsourcing nor research with human subjects.
Guidelines:

• The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

• Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

• According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

15. Institutional review board (IRB) approvals or equivalent for research with human
subjects
Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?
Answer: [NA]
Justification: This paper does not involve crowdsourcing nor research with human subjects.
Guidelines:

• The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

• Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

• We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

• For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.

16. Declaration of LLM usage
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Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigorousness, or originality of the research, declaration is not required.
Answer: [NA]
Justification: The core method development in this research does not involve LLMs.
Guidelines:

• The answer NA means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

• Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM)
for what should or should not be described.

30

https://neurips.cc/Conferences/2025/LLM

	Introduction
	Reinforcement Learning with Verifiable Rewards
	Learning to Reason under Off-Policy Guidance
	Mixed-Policy GRPO
	Policy Shaping via Regularized Importance Sampling

	Experimental Setup
	Experimental Results
	Main Results
	LUFFY Succeeds Where On-Policy Fails
	Training Dynamics
	Policy Shaping Encourages Continuous Exploration

	Related Work
	Conclusion
	References
	Appendix
	Limitations
	Theoretical Proof
	Convergence Rate of the Importance-Weighted Policy Gradient Estimator
	Informal Analysis on Variance of Regularized Importance Sampling

	Experimental Details
	Detailed Setup
	System Prompt
	Significance Test

	Case Study
	Additional Results
	Removing On-policy Clip
	Extension to More Models
	Ablation Study
	Hyperparameter Study

	Analysis
	LUFFY Learns Strategically from Off-Policy Traces, While SFT Imitates Rigidly
	LUFFY Can Explore During Test-time While SFT Cannot. 



