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ABSTRACT

Reinforcement learning (RL) has become central to post-training large language
models (LLMs). However, popular RL methods like GRPO incur non-negligible
overhead by computing both old-policy and current-policy likelihoods to form
importance sampling ratios. In this work, we propose Likelihood-Gated Policy
Optimization (LGPO), which enforces a soft trust region constraint via likelihood-
based gating, eliminating the need to compute old-policy likelihoods. Empirically,
we show that removing the importance sampling correction term does not harm
training stability, whereas removing the trust region mechanism leads to collapse.
Moreover, ratio-based clipping can fail in fully on-policy training: the importance
ratio stays at 1, so the ratio-based trust region constraint never activates. Un-
der standard training settings where GRPO is stable, LGPO achieves comparable
training stability and peak performance while reducing training time by ∼18% on
average. In fully on-policy training, where GRPO fails, LGPO remains stable,
enabling more efficient and robust LLM RL post-training across training regimes.

1 INTRODUCTION

Reinforcement learning (RL) plays a significant role in the post-training of modern large language
models (LLMs) (Jaech et al., 2024; Guo et al., 2025). In particular, our focus is on RL with verifiable
rewards, aiming to enhance the reasoning capabilities of LLMs (Zhang et al., 2025c). A central
challenge in this field is achieving stable RL training while maintaining computational efficiency.
To accelerate training in standard on-policy settings, it is common practice to perform multiple
parameter updates per rollout batch. However, this introduces a distribution shift between the current
policy and the data-generating (old) policy.

To address this deviation, importance sampling ratios, computed as the ratio of the current policy
likelihood to the old policy likelihood, are typically used to correct the distribution mismatch and re-
duce gradient estimate bias. Complementary to this, trust region methods are employed to explicitly
ensure stability by constraining the extent of policy updates. While TRPO (Schulman et al., 2015a)
enforces an explicit KL divergence constraint, modern algorithms like PPO (Schulman et al., 2017)
and GRPO (Shao et al., 2024) utilize importance ratio-based clipping to impose a soft trust region.

Despite being crucial for advancing LLM capabilities, RL incurs high computational cost, particu-
larly for reasoning tasks that involve generating and learning from long sequences. Although recent
works have sought to improve training and sample efficiency (Yu et al., 2025; Yue et al., 2025b;
Chen et al., 2025; Liu et al., 2025a; Zheng et al., 2025c;b), they retain the reliance on importance
sampling ratios to correct for distribution shift. This imposes a non-negligible overhead: for ex-
ample, obtaining probabilities of 128 sequences of length 32K tokens for a 32B model requires
approximately 4.06 × 1017 FLOPs. We challenge this standard practice, questioning whether the
computational cost of importance sampling is strictly necessary for stability when policy drift is
otherwise managed. In this work, we therefore ask:

Can we achieve more efficient LLM RL training without having to compute importance sampling
ratios and maintain training stability?

In Section 3.1, we demonstrate that the importance sampling correction is not essential for stability,
whereas the trust region mechanism is critical. Specifically, we find that removing the correction
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term from GRPO does not destabilize training, provided clipping remains. Moreover, relying on
the importance ratio for the trust region constraint has a fundamental limitation. As we show in
Section 3.2, ratio-based clipping fails in the fully on-policy setting, where a single policy update is
performed per rollout batch. In this regime, the importance ratio remains constant at 1, effectively
removing the trust region constraint and leading to collapse.

Based on these observations, we propose Likelihood-Gated Policy Optimization (LGPO) in Sec-
tion 4, along with a theoretical analysis motivating the use of likelihood-based gating. LGPO en-
forces a trust region via likelihood-based gating without computing importance ratios. Experiments
on Qwen2.5 models (Qwen et al., 2025; Yang et al., 2024) across Countdown and mathematical rea-
soning tasks show that LGPO matches GRPO’s stability and performance while reducing training
time by∼18% (Figure 3 and Table 1). Furthermore, LGPO remains stable in the fully on-policy set-
ting where GRPO fails (Figure 4). We further perform case studies and ablations to better understand
LGPO and the mechanism behind its stability (Section 5.2).

Overall, our contributions are summarized as follows:

1. We dissect the role of importance ratios, showing that the correction term is dispensable for
stability in common LLM RL training settings, while the trust region constraint is crucial.

2. We identify a failure mode of ratio-based clipping in fully on-policy training, where it fails
to constrain updates.

3. We propose LGPO, an efficient algorithm that enforces a trust region via likelihood-based
gating without computing importance ratios, achieving comparable performance to GRPO
with improved efficiency and robustness across training regimes, including the fully on-
policy setting where GRPO fails.

2 BACKGROUND

A vanilla policy gradient algorithm in the context of RL training of LLMs aims to maximize the
following objective:

LPG(θ) = Ex∼D,y∼πθ(·|x)

[
T∑

t=1

At log πθ(yt|x, y<t)

]
,

where x is a prompt sampled from the prompt distribution D, and y = (y1, . . . , yT ) is a sampled
response of length T from the policy πθ(· | x). yt denotes the token at position t and y<t its prefix.
At is the advantage for token t.

REINFORCE (Williams, 1992) is a specific implementation of the vanilla policy gradient that uses
a Monte Carlo estimator of the gradient, where the sampling is performed fully on-policy, which we
define as the case where the data is always sampled from the current policy that is being optimized:

∇θLPG(θ) ≈ 1

N

N∑
i=1

Ti∑
t=1

Ai,t∇θ log πθ(yi,t|xi, yi,<t).

Here N is the batch size, and Ai,t is the advantage for the t-th token of the i-th sample.

Trust Region Policy Optimization (TRPO) (Schulman et al., 2015a) introduces the setting where
multiple parameter updates using the samples generated from the “old policy” πθold are possible,
deviating from the fully on-policy setting. It is now common practice in LLM RL training to perform
multiple parameter updates in a mini-batch manner to accelerate the training process. During these
multiple parameter updates, a hard constraint on the KL divergence from the old policy is applied,
preventing large policy changes, thus stabilizing the training. The gradient estimate is now a Monte
Carlo estimate with importance sampling ratio correcting for the distribution mismatch between the
old policy and the current policy. The TRPO objective is defined as:

Ex∼D,y∼πθold (·|x)

[
T∑

t=1

rt(θ)At

]
s.t. E

[
T∑

t=1

KL
(
πθold(·|x, y<t) ∥πθ(·|x, y<t)

)]
≤ δ.
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Here rt(θ) = πθ(yt|x,y<t)
πθold (yt|x,y<t)

is the importance sampling ratio and δ is a hyperparameter bounding
the KL divergence. The expectation in the constraint is taken over x ∼ D and y ∼ πθold(·|x).
Proximal Policy Optimization (PPO) (Schulman et al., 2017) replaces the hard KL constraint of
TRPO with the clipping operation shown in Eq. 1, which removes the incentive for moving the
importance ratio outside of the interval [1−ϵ, 1+ϵ], where ϵ is a hyperparameter. The PPO objective
is defined as:

Ex∼D, y∼πθold (·|x)

[
T∑

t=1

min(rt(θ)At, clip(rt(θ), 1− ϵ, 1 + ϵ)At)

]
. (1)

This choice of clipping the objective based on the importance ratio can be viewed as serving two
intertwined purposes: (1) discouraging updates that would push the policy far from the old policy,
creating a “soft trust-region” effect, and (2) avoiding the use of samples with high importance ratios,
thus reducing the variance of the gradient estimate.

Group Relative Policy Optimization (GRPO) (Shao et al., 2024) is a variant of PPO that offers better
efficiency and scalability. Instead of computing the advantage At using a learned value function
via GAE (Schulman et al., 2015b), GRPO eliminates the value model by sampling a group of G
responses {y1, . . . , yG} for each prompt x and computing advantages based on the relative rewards
within the group. Specifically, for the i-th response in the group with reward Ri, the advantage is
given by:

Ai =
Ri − µgroup

σgroup
,

where µgroup and σgroup are the mean and standard deviation of the rewards in the group. GRPO
then optimizes the PPO objective (Eq. 1) using these group-relative advantages. Note that we do not
incorporate a KL divergence penalty relative to the initial reference policy in this work, as training
for complex reasoning tasks often requires significant deviation from the initialization (Yu et al.,
2025).

Following PPO, modern RL algorithms specialized for LLM post-training, including GRPO and its
variants (Zheng et al., 2025b; Yu et al., 2025; Yue et al., 2025b; Chen et al., 2025), use the importance
ratio to correct for distribution mismatch and implement clipping. Please refer to Appendix F for a
more detailed overview of related work. However, computing the importance ratio incurs additional
memory and computational overhead at each sampling step. Given that in many practical LLM RL
training settings the number of parameter updates per sampling step is small (e.g., 4), we ask: is it
possible to remove the importance ratio to achieve more efficient yet stable training?

3 ARE IMPORTANCE RATIOS NECESSARY FOR STABLE TRAINING?

3.1 IMPORTANCE SAMPLING CORRECTION IS DISPENSABLE

In PPO/GRPO, the importance ratio rt(θ) =
πθ(yt|x,y<t)
πθold (yt|x,y<t)

plays two distinct roles. We can explic-
itly see this by examining the gradient of the surrogate objective for a single token at t (see derivation
in Appendix A):

∇θLt(θ) = 1clip︸︷︷︸
clipping

·At · rt(θ)︸ ︷︷ ︸
correction

·∇θ log πθ(yt|x, y<t), (2)

where 1clip is an indicator function that is 1 when the ratio is within the clipping range and 0 oth-
erwise (see Appendix A for the full conditions). The term rt(θ) in Equation 2 acts as a correction
weight accounting for distribution shift, while 1clip implements clipping, the soft trust region con-
straint.

In this section, we examine the effect of removing each of these two roles one by one, and show
that removing the correction role is not harmful to training stability in common LLM RL training
settings, but removing the clipping role causes training instability.
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Figure 1: The reward score of the Countdown task during the RL training. We compare removing
the importance sampling correction (rt(θ) from Eq. 2) versus removing ratio-based clipping (1clip
from Eq. 2). Removing the correction has little effect, while removing clipping leads to significant
instability.

We experiment with RL training of Qwen2.5-3B-Instruct on the Countdown task.1 We use GRPO
as our baseline algorithm. First, we remove the correction role by setting the gradient scaling term
to 1, while preserving the ratio-based clipping mechanism (w/o correction). Second, we remove the
clipping mechanism while retaining the importance sampling correction (w/o clipping). We denote
the number of gradient updates performed per batch of sampled data as Nupdates and use Nupdates = 2
for this experiment.

We find that removing only the importance sampling correction from GRPO (w/o correction) has a
negligible effect on training stability and only marginally worsens the scaling behavior, as illustrated
in Figure 1. On the other hand, removing the clipping mechanism (w/o clipping) leads to significant
instability. We observe similar findings for other GRPO-variants including DAPO (Yu et al., 2025)
and GSPO (Zheng et al., 2025b): removing the correction term alone is not harmful to training
stability (see Appendix E.1 and Figure 7).

These results indicate that the importance sampling correction is not strictly necessary, provided
that a trust region constraint is maintained. Recall that importance ratio-based clipping serves two
purposes: (1) enforcing a soft trust region, and (2) reducing variance from large importance ratios.
With the correction term removed, the variance amplification caused by large importance ratios is
eliminated, leaving clipping solely to enforce the trust region (see Appendix B for variance analysis).
However, relying on the importance ratio for this purpose has a fundamental limitation. In the next
section, we demonstrate that importance ratio-based clipping fails to provide any constraint in the
fully on-policy setting, leading to training collapse. This failure further motivates our search for a
trust region mechanism that is independent of the importance ratio.

3.2 IMPORTANCE RATIO-BASED CLIPPING FAILS IN FULLY ON-POLICY TRAINING

Recall that Nupdates is the number of gradient updates performed per batch of sampled data. We
define the fully on-policy setting as the case where Nupdates = 1. In this setting, we sample rollouts
using the current policy πθ and perform exactly one gradient update using this data. Consequently,
the behavior (old) policy πθold is always identical to the current policy πθ, and the importance ratio
rt(θ) remains fixed at 1. Since clipping is triggered only when the ratio deviates from 1, it is never
activated in this setting, failing to serve as a trust region constraint.

We empirically observe that this leads to training collapse under the same experimental settings as
in Section 3.1. As shown in Figure 2, fully on-policy GRPO, which effectively has no trust region

1Countdown is a verifiable numerical task where, given a set of numbers, the model must combine them
using basic arithmetic operations to reach a target number.
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Figure 2: Performance comparison of GRPO with Nupdates = 1 (fully on-policy) and Nupdates = 2
on the Countdown task. Nupdates denotes the number of gradient updates performed per batch of
sampled data. We show the reward score (left) and the KL divergence from the reference policy
(right). Without a functioning trust region constraint (Nupdates = 1), training collapses and the
policy diverges significantly from the reference model.

constraint, collapses after an initial phase of improvement. We also observe that the policy drifts far
away from the initial reference policy.

In Section 3.1, we showed that the importance sampling correction is dispensable, meaning the
importance ratio is only required for the trust region constraint. However, relying on the ratio for
this purpose has two major drawbacks: (1) it incurs additional computational overhead to calculate
policy likelihoods, and (2) as shown in this section, it fails to provide any constraint in the fully
on-policy setting. These limitations motivate us to seek an alternative trust region mechanism that
is both efficient (eliminating the need for importance ratios) and robust across training regimes.

4 TRUST REGION VIA LIKELIHOOD-BASED GATING

We propose a simple yet effective alternative soft trust region constraint: likelihood-based gating.
Here, we define the likelihood as the probability of the current policy generating the sampled data.
We show that using solely the likelihood enables stable training without the need to compute or store
old policy probabilities. To motivate this, we first theoretically analyze how the sample likelihood
relates to the sensitivity of the policy update (measured by KL divergence) induced by the sample.

Theorem 4.1 (Minimal KL divergence under single-token perturbation). Fix a prompt x and a prefix
y<t. Let p(·) = π(· | x, y<t) ∈ ∆K−1 denote the next-token distribution under some policy π, with
pi > 0. Consider another policy π′ with next-token distribution q(·) = π′(· | x, y<t) = p(·)+∆p(·),
where

∑K
i=1 ∆pi = 0 and qi > 0.

Fix a token k and enforce ∆pk = δ with −pk < δ < 1− pk. Then, as |δ| → 0,

inf
∆pk=δ∑
i ∆pi=0

KL
(
p(·) ∥ q(·)

)
=

δ2

2 pk(1− pk)
+ o(δ2).

In particular, for a fixed probability change |δ|, the induced KL change grows as pk → 0 or pk → 1.

The proof is provided in Appendix C. In the context of LLM RL training, learning from a sample
amounts to increasing or decreasing its likelihood under the policy. Theorem 4.1 implies that for
a fixed magnitude of likelihood change, the induced policy change (measured by KL divergence)
is largest when the sample likelihood is close to 0 or 1. This motivates our strategy of gating out
samples with extreme likelihoods to mitigate these highly sensitive updates, thereby enforcing a soft
trust region constraint.

Likelihood-Gated Policy Optimization (LGPO). Based on this motivation, we propose LGPO,
which enforces the trust region constraint directly via likelihood-based gating. Given our focus
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Figure 3: Training curves comparing LGPO, GRPO, and GRPO without importance sampling cor-
rection and clipping on Countdown (left) and mathematical reasoning (right). LGPO maintains
stability comparable to GRPO, indicating that likelihood-based gating serves as an effective alterna-
tive trust region constraint.

on RL with verifiable rewards, where sequence-level outcome rewards are standard, we adopt the
sequence-level average likelihood for likelihood-based gating. This ensures the trust region con-
straint is aligned with the learning signal (Zheng et al., 2025b). We define the sequence-level average
log-likelihood under the current policy πθ as

ℓ̄θ(x, y) :=
1

T

T∑
t=1

log πθ(yt | x, y<t).

In practice, we only gate high-likelihood sequences, as low-likelihood sequences are rarely observed
(see Appendix E.2).

We thus define the gating mask as

cθ(x, y) := 1(ℓ̄θ(x, y) ≤ τ),

where τ is a likelihood threshold in log-likelihood space. This yields the LGPO objective:

LLGPO(θ) = Ex∼D, y∼πθold (·|x)

[
cθ(x, y)

T∑
t=1

At log πθ(yt | x, y<t)

]
,

where cθ(x, y) serves as a stop-gradient mask, effectively zeroing out the gradient contribution from
samples that exceed the likelihood threshold. The full training procedure can be found in Algo-
rithm 1 in Appendix D.

5 EXPERIMENTS

We experiment with Qwen2.5-Math-1.5B and Qwen2.5-3B-Instruct. We first analyze training dy-
namics on the Countdown task, then extend to mathematical reasoning and report final performance
on MATH500 (Lightman et al., 2023), OlympiadBench (He et al., 2024), and AIME24&25 (AIME,
2025) (average Pass@1 over 8 samples), along with training curves. For mathematical reasoning, we
train on the high-quality dataset curated by Huan et al. (2025).2 Unless otherwise specified, during
RL training, we use a minibatch size of 64. For Countdown, we use a prompt batch size of 128 and
perform two gradient updates per rollout batch (Nupdates = 2). For mathematical reasoning, we use
a prompt batch size of 256 and perform four gradient updates per rollout batch (Nupdates = 4). We
compute advantages using group relative normalization as in GRPO with a group size of G = 8. For
LGPO, we set the likelihood threshold τ = −0.15, which corresponds to exp(τ) ≈ 0.86 average
likelihood in probability space. We compare the LGPO objective against GRPO and GRPO w/o
correction & clipping (introduced in Section 3.1).

2https://huggingface.co/datasets/ReasoningTransferability/math_rl_48k
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Table 1: Final evaluation perfor-
mance on mathematical reasoning
benchmarks.

Benchmark GRPO LGPO

Qwen2.5-3B-Instruct
MATH500 64.4 65.2
OlympiadBench 29.2 30.7
AIME24 5.0 4.2
AIME25 3.3 3.7
Avg. 25.5 26.0

Qwen2.5-Math-1.5B
MATH500 73.0 73.6
OlympiadBench 38.2 35.0
AIME24 12.1 17.9
AIME25 8.8 9.6
Avg. 33.0 34.0
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Figure 4: Fully on-policy (Nupdates = 1) training dy-
namics on Countdown using Qwen2.5-3B-Instruct.
GRPO collapses due to the lack of an effective trust
region constraint when the importance ratio is fixed
at 1, whereas LGPO remains stable via likelihood-
based gating.

5.1 MAIN RESULTS

Figure 3 shows that LGPO achieves stable training without using importance ratios on both
Countdown and the mathematical reasoning training dataset. While removing importance sampling
correction and clipping from GRPO leads to unstable training (GRPO w/o corr. & clip.), adding
simple likelihood-based gating, yielding the LGPO objective, stabilizes training. We observe a
negligible drop in peak reward score compared to GRPO. Table 1 reports evaluation scores after
training for the same number of steps, demonstrating similar performance in learning mathematical
reasoning capabilities that generalize to broader tasks.

While maintaining similar performance, LGPO offers training speedups by eliminating the need to
compute old policy likelihoods. When training Qwen2.5-3B-Instruct on ∼7.5K training data using
2 NVIDIA H100 GPUs, GRPO takes 3.37 hours to train one epoch, while LGPO takes 2.85 hours,
corresponding to a ∼18% speedup.

We also evaluate LGPO in the fully on-policy setting (Nupdates = 1). For this experiment, we set the
minibatch size to 128, matching the prompt batch size, to perform a single gradient update per rollout
batch. As analyzed in Section 3.2 and shown in Figure 2, GRPO collapses in this setting because the
importance ratio is constant at 1, falling back to a vanilla policy gradient without any trust region
constraint. In contrast, Figure 4 shows that LGPO remains stable. This stability stems from LGPO’s
gating condition depending solely on the current policy’s likelihood, independent of the importance
ratio. Consequently, even when the importance ratio is constant at 1, LGPO effectively filters out
high-likelihood samples that induce large policy updates, maintaining a robust trust region.

Having established LGPO’s effectiveness and stability, we now turn to a deeper analysis of its un-
derlying mechanisms.

5.2 ABLATION STUDIES AND ANALYSIS

How does LGPO affect generation entropy? We observe that LGPO mitigates the rapid entropy
collapse typically seen in GRPO during training on both the Countdown task (Figure 5) and the
mathematical reasoning task (Figure 9 in Appendix E.3). By gating out updates from already high-
likelihood samples, LGPO prevents the policy from becoming overly deterministic and sustains
exploration, consistent with prior observations on entropy reduction (Cui et al., 2025).

Do high-likelihood samples really collapse training? We test a random gating baseline that dis-
cards samples at the same rate as LGPO, but randomly regardless of likelihood; as shown in Figure 6,
it collapses within 100 steps. This confirms that LGPO’s stability arises from selectively suppressing
high-likelihood updates, rather than simply reducing the number of active samples.
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Figure 5: Generation entropy during training on
Countdown. LGPO maintains higher entropy
compared to GRPO, preventing premature con-
vergence to a deterministic policy.

0 100 200 300 400 500
Training Steps

0.0

0.2

0.4

0.6

R
ew

ar
d 

Sc
or

e

LGPO
w/ random gating
w/ positive-only gating

Figure 6: Countdown training curves compar-
ing LGPO with random gating regardless of like-
lihood and gating only high-likelihood samples
with positive advantage.

Do negative advantage high-likelihood samples also collapse training? We investigate whether
it suffices to gate only high-likelihood samples with positive advantage (which induce positive gra-
dient updates) while keeping those with negative advantage. Although Theorem 4.1 suggests that
changing an extreme-likelihood probability in either direction induces a large KL change, negative-
advantage updates might seem safer because they push probabilities away from the boundary, unlike
positive updates that increase determinism. However, as shown in Figure 6, gating only positive-
advantage high-likelihood samples still leads to collapse. This indicates that suppressing negative-
advantage updates on high-likelihood samples is also crucial for stability, consistent with Theo-
rem 4.1.

Can we stochastically gate high-likelihood samples and find a sweet spot between stability
and performance? Since LGPO discards all learning signals from high-likelihood samples, one
might wonder if stochastically gating only a fraction of them could balance stability and perfor-
mance. We investigate this by applying LGPO’s gating mask with a certain probability. As shown
in Appendix E.3 (Figure 10), we find no such sweet spot. Allowing even a small fraction of high-
likelihood samples to contribute leads to collapse, with lower gating probabilities causing earlier
failure.

Which samples are being gated in LGPO? Are we losing useful training signals? To assess
how much useful learning signal LGPO discards, we compare it to GSPO, a sequence-level clipping
variant of GRPO, as a fair baseline that matches the sequence-level granularity, and track per-step
discard statistics throughout training. Although Appendix E.3 (Figure 11, top) shows that LGPO
discards a larger fraction of samples overall, we find that most of these additionally discarded sam-
ples have zero advantage (A = 0) and would contribute no policy gradient regardless. Consequently,
the effective training signal that remains (measured by the fraction of retained samples with non-
zero advantage, i.e., contributing non-zero gradient) stays comparable between LGPO and GSPO
across training steps (Figure 11, bottom). This suggests that LGPO does not discard significantly
more useful learning signal than standard importance ratio-based clipping methods.

6 CONCLUSION

We propose Likelihood-Gated Policy Optimization (LGPO), a novel algorithm that accelerates LLM
RL training while ensuring stability. LGPO is motivated by the insight that importance sampling
correction is dispensable for stability, and by theoretical analysis showing that extreme-likelihood
samples induce large policy updates. By replacing ratio-based clipping with likelihood-based gating,
LGPO enforces a trust region without the overhead of computing old-policy likelihoods. Further-
more, we identify a failure mode of ratio-based clipping in fully on-policy settings and demonstrate
that LGPO remains robust where prior methods collapse. Overall, LGPO offers a more efficient and
stable framework for LLM RL training. We discuss limitations and promising future directions in
Appendix G.
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A GRADIENT OF THE PPO OBJECTIVE AND THE ROLE OF RATIO-BASED
CLIPPING

In this section, we derive the gradient of the PPO/GRPO surrogate objective to explicitly show how
the importance ratio rt(θ) acts as the gating mechanism for gradient updates.

Recall the PPO objective from Eq. 1:

LPPO(θ) = E

[
T∑

t=1

min(rt(θ)At, clip(rt(θ), 1− ϵ, 1 + ϵ)At)

]
,

where rt(θ) =
πθ(yt|x,y<t)
πθold (yt|x,y<t)

.

We consider the contribution of a single token at position t to the gradient. Let Lt(θ) =
min(rt(θ)At, clip(rt(θ), 1 − ϵ, 1 + ϵ)At). We compute ∇θLt(θ) by analyzing the two cases of
the min operator.

Case 1: At > 0. The objective becomes min(rt(θ), clip(rt(θ), 1−ϵ, 1+ϵ))At. The clipping term
is upper-bounded by 1 + ϵ.

• If rt(θ) ≤ 1 + ϵ, the active term is rt(θ)At. The gradient is∇θ(rt(θ)At) = At∇θrt(θ).
• If rt(θ) > 1 + ϵ, the active term is (1 + ϵ)At. Since this is constant with respect to θ

(locally), the gradient is 0.

Case 2: At < 0. The objective becomes max(rt(θ), clip(rt(θ), 1 − ϵ, 1 + ϵ))At (taking At out
effectively flips min to max for the ratio comparison).

• If rt(θ) ≥ 1− ϵ, the active term is rt(θ)At. The gradient is At∇θrt(θ).
• If rt(θ) < 1− ϵ, the active term is (1− ϵ)At. The gradient is 0.

Gradient Expression. Using the identity ∇θrt(θ) = rt(θ)∇θ log πθ(yt|x, y<t), we can combine
these cases. The gradient is non-zero only when the importance ratio is within the “active” unclipped
region. Defining the active indicator 1clip:

1clip = 1 [(At > 0 ∧ rt(θ) ≤ 1 + ϵ) ∨ (At < 0 ∧ rt(θ) ≥ 1− ϵ)] .

The gradient for token t is:
∇θLt(θ) = 1clip ·At · rt(θ) · ∇θ log πθ(yt|x, y<t).

This derivation clarifies that the importance ratio rt(θ) serves two roles as discussed in Section
3.1: (1) scaling the gradient magnitude via the multiplicative term rt(θ), and (2) gating the updates
(ratio-based clipping) by zeroing out the gradient via the condition in 1clip. Specifically, if the ratio
deviates too far from 1 (exceeds 1 + ϵ for positive advantage or drops below 1 − ϵ for negative
advantage), the gradient is clipped to zero.
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B IMPORTANCE SAMPLING VARIANCE ANALYSIS

This section explains (1) why large importance ratios can increase the variance of stochastic gra-
dient estimates when used as multiplicative correction weights, and (2) why this specific source of
variance disappears when the correction weight is removed (i.e., set to 1).

Setup and notation. Fix a prompt x and consider a response y = (y1, . . . , yT ) generated by the
old policy, y ∼ πθold(· | x). For each token position t, define the score function

st(θ) = ∇θ log πθ(yt | x, y<t),

and the token-level importance ratio

rt(θ) =
πθ(yt | x, y<t)

πθold(yt | x, y<t)
.

Let At denote the token-level advantage used in the surrogate objective. We assume absolute conti-
nuity: πθold(yt | x, y<t) > 0 whenever πθ(yt | x, y<t) > 0.

Surrogate objective and its gradient. Recall the PPO clipped surrogate objective in Eq. 1. With-
out clipping, the resulting surrogate objective for a fixed prompt x can be written as

Lx(θ) := Ey∼πθold (·|x)

[
T∑

t=1

rt(θ)At

]
.

Using∇θrt(θ) = rt(θ)∇θ log πθ(yt | x, y<t) = rt(θ) st(θ), the gradient is

∇θLx(θ) = Ey∼πθold (·|x)

[
T∑

t=1

rt(θ)At st(θ)

]
.

Large importance sampling correction can increase variance. To analyze variance, we consider
the scalar projection of the gradient onto a unit vector u:

Zcorr
t := u⊤(rt(θ)At st(θ)

)
= rt(θ)At

(
u⊤st(θ)

)
.

Then

Var(Zcorr
t ) = E

[(
Zcorr
t

)2]− (E[Zcorr
t ])

2

= E
[
rt(θ)

2 A2
t

(
u⊤st(θ)

)2]− (
E
[
rt(θ)At

(
u⊤st(θ)

)])2
. (3)

Equation equation 3 makes the dependence on rt(θ)
2 explicit through the first term. If rt(θ) is

heavy-tailed or occasionally very large, the contribution E[rt(θ)2 A2
t (u

⊤st(θ))
2] can become large,

increasing variance and sensitivity of the gradient estimator. This is why clipping large rt(θ) can
reduce the variance contributed by the correction weights.

Variance analysis after removing correction. After removing the importance sampling correc-
tion by setting the correction weight to 1, define

Zno-corr
t := u⊤(At st(θ)

)
= At

(
u⊤st(θ)

)
.

Analogously,

Var(Zno-corr
t ) = E

[(
Zno-corr
t

)2]− (E[Zno-corr
t ])

2

= E
[
A2

t

(
u⊤st(θ)

)2]− (
E
[
At

(
u⊤st(θ)

)])2
,

which no longer contains rt(θ). Thus, removing correction eliminates the specific variance amplifi-
cation mechanism caused by large importance ratios.
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C PROOF OF THEOREM 4.1

Fix a prompt x and a prefix y<t, and let p = (p1, . . . , pK) denote the categorical next-token distri-
bution pi = π(i | x, y<t) with pi > 0 and

∑
i pi = 1. Let q = p + ∆p be another distribution

induced by some policy π′, where
∑

i ∆pi = 0 and qi > 0. We write KL(p∥q) =
∑

i pi log
pi

qi
.

Lemma C.1 (Quadratic expansion of KL near p). Let pmin := mini pi > 0 and assume ∥∆p∥∞ ≤
1
2pmin. Then, as ∥∆p∥2 → 0,

KL(p ∥ p+∆p) =
1

2

K∑
i=1

(∆pi)
2

pi
+ o(∥∆p∥22).

Proof. Write xi := ∆pi/pi, so qi = pi(1 + xi) and

KL(p∥q) =
∑
i

pi log
pi
qi

= −
∑
i

pi log(1 + xi).

Using log(1 + x) = x− 1
2x

2 +R(x) with R(x) = O(|x|3) as x→ 0, we obtain

KL(p∥q) = −
∑
i

pixi +
1
2

∑
i

pix
2
i −

∑
i

piR(xi).

Because
∑

i ∆pi = 0, the linear term vanishes:
∑

i pixi =
∑

i ∆pi = 0. Thus

KL(p∥q) = 1
2

∑
i

(∆pi)
2

pi
−

∑
i

piR
(

∆pi

pi

)
.

When ∥∆p∥∞ ≤ 1
2pmin we have |xi| ≤ 1

2 and |R(xi)| ≤ C|xi|3 for a universal C, hence∣∣∣∑
i

piR
(

∆pi

pi

)∣∣∣ ≤ C
∑
i

|∆pi|3

p2i
≤ C

p2min

∥∆p∥∞
∑
i

(∆pi)
2 = O(∥∆p∥32) = o(∥∆p∥22).

Lemma C.2 (Minimal quadratic cost for a single coordinate change). Fix k and a small non-zero
change δ with −pk < δ < 1 − pk. Among perturbations satisfying ∆pk = δ and

∑
i ∆pi = 0, the

quadratic term in Lemma C.1 is minimized by

∆p∗j = − δ
pj

1− pk
(j ̸= k),

and the minimal value equals

min
∆pk=δ∑
i ∆pi=0

1

2

K∑
i=1

(∆pi)
2

pi
=

δ2

2 pk(1− pk)
.

Proof. The constraint
∑

i ∆pi = 0 implies
∑

j ̸=k ∆pj = −δ. Parameterize ∆pj = −δrj for j ̸= k

with
∑

j ̸=k rj = 1. Then

1

2

K∑
i=1

(∆pi)
2

pi
=

1

2

 δ2

pk
+ δ2

∑
j ̸=k

r2j
pj

 .

Thus it suffices to minimize
∑

j ̸=k r
2
j/pj subject to

∑
j ̸=k rj = 1. Using Lagrange multipliers

yields r∗j ∝ pj , hence r∗j =
pj

1−pk
and ∆p∗j = −δ pj

1−pk
. Substituting back gives the stated minimum

δ2

2pk(1−pk)
.
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Proof of Theorem 4.1. By Lemma C.1,

KL(p∥p+∆p) =
1

2

K∑
i=1

(∆pi)
2

pi
+ o(∥∆p∥22).

Under the constraints ∆pk = δ and
∑

i ∆pi = 0, Lemma C.2 gives

min
1

2

K∑
i=1

(∆pi)
2

pi
=

δ2

2 pk(1− pk)
.

Moreover, for the minimizing perturbation ∆p∗, we have ∥∆p∗∥2 = Θ(|δ|) for fixed p, so the
remainder term is o(∥∆p∗∥22) = o(δ2). Combining these yields

inf
∆pk=δ∑
i ∆pi=0

KL(p ∥ p+∆p) =
δ2

2 pk(1− pk)
+ o(δ2),

as |δ| → 0, completing the proof.

D ALGORITHMIC DETAILS

Algorithm 1 Likelihood-Gated Policy Optimization

Require: current policy πθ, old (behavior) policy πθold , likelihood threshold τ , number of gradient
updates per rollout batch Nupdates

1: for each rollout batch do
2: Roll out responses y ∼ πθold(· | x) and compute advantages {At}Tt=1 to form a rollout buffer

B = {(x, y, {At}Tt=1)}.
3: Partition B into Nupdates disjoint minibatches {Bn}

Nupdates
n=1 .

4: for n = 1 to Nupdates do
5: Initialize minibatch loss L← 0.
6: for each (x, y, {At}Tt=1) ∈ Bn do
7: ℓ̄θ(x, y)← 1

T

∑T
t=1 log πθ(yt | x, y<t).

8: cθ(x, y)← 1(ℓ̄θ(x, y) ≤ τ) (stop-gradient)
9: L← L− cθ(x, y)

∑T
t=1 At log πθ(yt | x, y<t).

10: end for
11: Update θ using∇θL.
12: end for
13: end for

E ADDITIONAL EXPERIMENTAL RESULTS

E.1 REMOVING IMPORTANCE SAMPLING CORRECTION IN DAPO AND GSPO

In Section 3.1, we show that removing the importance sampling correction from GRPO has little ef-
fect on training stability. We further investigate the effect of removing the importance sampling cor-
rection in other GRPO-variants, specifically DAPO and GSPO. Similar to our findings with GRPO,
removing the correction term alone does not destabilize training for these algorithms (Figure 7).

E.2 LIKELIHOOD DISTRIBUTION OF SAMPLED RESPONSES

Figure 8 shows the distribution of the sequence-level average likelihood of responses sampled from
Qwen2.5-3B-Instruct on the MATH500 dataset. Since low-likelihood sequences are rarely observed,
LGPO only gates high-likelihood sequences to enforce the trust region constraint.

14



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

0 50 100 150 200 250 300
Training Steps

0.2

0.3

0.4

0.5

0.6

R
ew

ar
d 

Sc
or

e

DAPO
DAPO w/o correction

(a) DAPO

0 50 100 150 200 250 300
Training Steps

0.2

0.4

0.6

0.8

R
ew

ar
d 

Sc
or

e

GSPO
GSPO w/o correction

(b) GSPO

Figure 7: The reward score of the Countdown task during the RL training. Removing the importance
sampling correction has little effect on training stability for both DAPO and GSPO.
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Figure 8: Distribution of sequence-level average likelihood exp
(
ℓ̄θ(x, y)

)
of responses sampled

from Qwen2.5-3B-Instruct on MATH500.

E.3 ABLATION STUDIES AND ANALYSIS: ADDITIONAL FIGURES

This subsection provides additional figures supporting Section 5.2. Figure 9 reports generation
entropy during mathematical reasoning training, showing that LGPO mitigates entropy collapse rel-
ative to GRPO. Figure 10 studies stochastic gating and shows that relaxing the gating probability
leads to earlier collapse. Figure 11 analyzes per-step discard statistics and shows that, despite dis-
carding more total samples, LGPO retains a comparable fraction of non-zero-gradient samples.
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Figure 9: Generation entropy during training on the mathematical reasoning dataset. LGPO prevents
rapid entropy collapse, similar to the trend observed in the Countdown task.
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Figure 10: Effect of stochastic gating probability
on training stability. Reducing the gating probabil-
ity leads to earlier training collapse, indicating that
strict gating is necessary for stability.
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Figure 11: Although LGPO discards a larger
fraction of total samples (top), the fraction of
samples contributing non-zero gradient (A ̸=
0 and retained) remains comparable to GSPO
(bottom).

F RELATED WORK

Reinforcement learning (RL) is increasingly applied to enhance LLM reasoning by adjusting the
model’s output distribution. Studies suggest that RL updates tend to concentrate probability mass
on valid reasoning paths (Yue et al., 2025a; Wang et al., 2025). Additionally, research explores
how prolonged training or self-play might extend the solution space beyond the base model’s initial
capabilities (Liu et al., 2025b; Zhao et al., 2025a), with recent analysis highlighting the role of
entropy regulation in this process (Cui et al., 2025).

To address the inherent instability of RL, recent methods focus on refining optimization objectives
and learning signals. One category targets importance sampling variance. Several approaches shift
policy optimization from the token level to sequence-level or group-level expectations to reduce
volatility (Zheng et al., 2025b; Zhang et al., 2025a; Chen et al., 2025). Others modify constraint
mechanisms, such as using selective clipping for negative samples (Roux et al., 2025) or adap-
tive gating (Gao et al., 2025), while GVPO alternatively reformulates the objective as a variance-
matching regression (Zhang et al., 2025b). Notably, SAPO (Gao et al., 2025) replaces hard clipping
with soft gating but still operates on importance ratios; in contrast, LGPO eliminates the need for im-
portance ratios entirely by gating on raw likelihood. The second category improves stability through
robust learning signals. This includes enhancing advantage estimation via optimal baselines and
global normalization (Hao et al., 2025; Xiong et al., 2025; Xu & Ding, 2025), as well as refining re-
ward aggregation to handle noise (Xiao et al., 2025; Zhao et al., 2025b). To prevent reward hacking
and collapse, recent works incorporate dynamic sample filtering (Lin et al., 2025; Yu et al., 2025)
and cross-view invariance constraints (Zhang et al., 2025d).

G LIMITATIONS AND FUTURE WORK

While LGPO demonstrates improved efficiency and stability, our study has limitations. First, due
to computational constraints, we have not validated the method on large-scale models (e.g., >7B
parameters). We note that concurrent work training a 30B MoE model (Zheng et al., 2025a) finds
that importance sampling correction contributes to training stability at that scale, suggesting that
our findings may be scale-dependent. Second, although we test up to Nupdates = 4 updates per
batch, reflecting common practice, we have not systematically identified the exact boundary where
the lack of importance sampling correction might destabilize training. The necessity of this correc-
tion likely depends on a complex interplay of Nupdates, learning rate, model size, and task difficulty,
making it challenging to define a strict failure threshold. For future work, we envision improving
sample efficiency through decoding-stage interventions. Since LGPO gates out high-likelihood sam-
ples, actively avoiding such samples during generation could prevent wasted computation, further
enhancing efficiency. We leave the exploration of such active sampling strategies to future research.
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