
Proceedings of the 64th Annual Meeting of the Association for Computational Linguistics (Volume 1: Long Papers), pages 37747–37760
July 2-7, 2026 ©2026 Association for Computational Linguistics

CE-GPPO: Coordinating Entropy via Gradient-Preserving Clipping Policy
Optimization in Reinforcement Learning

Zhenpeng Su1* Leiyu Pan1* Minxuan Lv1 Yuntao Li2 Wenping Hu1

Fuzheng Zhang1 Kun Gai1 Guorui Zhou1 †

1Kuaishou Technology 2Independent
# suzhenpeng13@163.com

Abstract

Reinforcement learning (RL) has become a
powerful paradigm for optimizing large lan-
guage models (LLMs) to handle complex rea-
soning tasks. A core challenge in this pro-
cess lies in managing policy entropy, which
reflects the balance between exploration and
exploitation during training. Existing methods,
such as proximal policy optimization (PPO)
and its variants, discard valuable gradient sig-
nals from low-probability tokens due to the
clipping mechanism. We systematically an-
alyze the entropy dynamics and reveal that
these clipped tokens play a critical yet over-
looked role in regulating entropy evolution. We
propose Coordinating Entropy via Gradient-
Preserving Policy Optimization (CE-GPPO),
a novel algorithm that reintroduces gradients
from clipped tokens in native PPO in a gen-
tle and bounded manner. By controlling the
magnitude of gradients from tokens outside the
clipping interval, CE-GPPO is able to achieve
an exploration-exploitation trade-off. We pro-
vide theoretical justification and empirical evi-
dence showing that CE-GPPO effectively mit-
igates entropy instability. Extensive experi-
ments on mathematical reasoning benchmarks
show that CE-GPPO consistently outperforms
strong baselines across different model scales.

1 Introduction

Reinforcement learning (RL) has increasingly be-
come a paradigm for fine-tuning large language
models (LLMs), shifting the focus from mere imita-
tion learning to goal-directed optimization (Ouyang
et al., 2022; Shao et al., 2024; DeepSeek-AI et al.,
2025). Unlike supervised learning, which only fits
the observed data distribution, RL directly opti-
mizes model behavior through environmental feed-
back, enabling improvements on abstract objectives

*Equal contribution. This work was completed by Leiyu
Pan during an internship at Kuaishou.

†Corresponding authors.

such as factual accuracy, coherence, and reasoning
capability (Yu et al., 2025). In particular, Reinforce-
ment Learning with Verifiable Rewards (RLVR)
have attracted growing attention (Lambert et al.,
2024). By providing regularized and automatically
evaluable reward signals, these approaches offer
stable and interpretable guidance, significantly en-
hancing model performance in reasoning tasks (Su
et al., 2025b).

Despite the promise of RL for goal-driven model
optimization, training dynamics remain challeng-
ing, particularly in regulating policy entropy, a
key indicator of the model’s exploration capability
(Ahmed et al., 2019). Policy entropy measures the
uncertainty in action selection (Cheng et al., 2025).
Our in-depth analysis reveals that the dynamic be-
havior of entropy in RL can be traced to the intrin-
sic interaction between the advantage function and
the token probability distribution. Specifically, gra-
dient updates can be categorized into four typical
patterns:

• Positive-advantage high-probability (PA&HP)
tokens and negative-advantage low-probability
(NA&LP) tokens: optimizing these tokens re-
inforces high-probability choices, accelerating
policy convergence and entropy collapse.

• Positive-advantage low-probability (PA&LP) to-
kens and negative-advantage high-probability
(NA&HP) tokens: optimizing these tokens en-
courages exploration of low-probability actions,
maintaining response diversity and mitigating en-
tropy collapse.

Further investigation revealed a strong connec-
tion between token probabilities and importance
sampling. In preliminary experiments, we con-
ducted RL training on the DeepSeek-R1-Distill-
Qwen-7B model using datasets from the mathemat-
ics and code reasoning domains, and consistently
observed the token distribution pattern illustrated in
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Figure 1: Left: Importance sampling distribution of tokens with different probabilities. Based on the distribution, all
tokens can be categorized into four types: PA&HP, NA&LP, PA&LP and NA&HP. Center: The effect of the four
token types on entropy dynamics. The two categories shown at the top contribute to entropy reduction, while those
at the bottom contribute to entropy increase. Green check marks indicate tokens that lie within the clipping interval,
whereas dashed circles denote tokens that partly fall outside the clipping interval. Right: Entropy instability curves
caused by the absence of some PA&LP or NA&LP tokens.

Figure 1. Specifically, high-probability tokens typi-
cally lay within the PPO clipping interval (Schul-
man et al., 2017), whereas tokens outside the clip-
ping interval were predominantly low-probability
tokens. For RL, clipped importance sampling is a
commonly used technique. The clipping mecha-
nism primarily controls the magnitude of updates
to the policy model to ensure training stability. This
results in a primary focus on optimizing unclipped
high-probability tokens, but we find that ignoring
the clipped low-probability tokens, i.e., NA&LP
and PA&LP tokens, introduces following issues:

• Entropy collapse due to the absence of PA&LP
tokens. Tokens truncated beyond the importance
sampling threshold 1 + ϵ, namely PA&LP to-
kens, often include high-entropy tokens that cor-
respond to valuable exploratory behaviors at crit-
ical decision points. Directly clipping the gradi-
ents of these tokens restricts exploration, leading
to entropy collapse. Although DAPO mitigates
this issue by extending the upper clipping bound
to 1 + ϵh through the clip-higher strategy, high-
entropy tokens that exceed this bound still suffer
from the same problem.

• Entropy explosion due to the absence of
NA&LP tokens. Tokens truncated beyond the
importance sampling threshold 1 − ϵ, namely
NA&LP tokens, include tokens that guide the
model toward exploitation. Clipping the gradi-
ents of these tokens forces the model into exces-
sive exploration, delays convergence, and conse-
quently induces entropy explosion.

A natural idea is to merge the gradients of tokens
outside the clipping range: PA&LP tokens promote
exploration, while NA&LP tokens encourage ex-
ploitation. By respectively leveraging their gradi-
ent magnitudes to different extents, it is possible
to coordinate policy entropy and strike a balance
between exploration and exploitation, thus ensure
entropy stability during training.

Based on these insights, we propose CE-GPPO,
which reframes the control of entropy dynamics as
managing gradients from tokens outside the clip-
ping interval. Specifically, CE-GPPO uses a stop-
gradient operation to include gradients from tokens
beyond the clipping interval and adjusts their mag-
nitude to maintain policy entropy at a high and
stable level, which we find to be beneficial for
improving model performance. Importantly, we
provide both theoretical and empirical evidence
showing that incorporating gradients from tokens
outside the PPO trust region, i.e., the tokens clipped
by PPO, does not cause the policy model to devi-
ate excessively from the old policy model and still
preserves stable training. Additionally, we observe
that assigning greater weight to the gradients of
PA&LP tokens while less weight to those of NA&LP
tokens helps the model maintain its exploration ca-
pability and achieve better performance than other
strong baseline models. The main contributions of
our work can be summarized as follows:

• We reveal the intrinsic mechanism of entropy
dynamics in RL for LLMs and identify a novel
perspective for controlling entropy evolution.

• We propose CE-GPPO, an algorithm that regu-
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lates gradients from tokens outside both sides of
the clip interval, enabling fine-grained control
of policy entropy and update stability.

• We empirically show that CE-GPPO achieves
effective coordination of policy entropy, stabi-
lizing the exploration–exploitation trade-off, and
exhibiting strong hyperparameter robustness.

2 Preliminary

2.1 Policy Optimization Algorithms

Proximal Policy Optimization (PPO) PPO
(Schulman et al., 2017) is a widely used policy gra-
dient method in RL, designed to balance learning
stability and sample efficiency. It improves upon
classical policy gradient approaches by constrain-
ing the magnitude of policy updates, preventing
destructive updates that could destabilize training.
Concretely, its objective function is as follows:

JPPO(θ) = Ex∼D,y∼πθold
(·|x)


 1

|y|

|y|∑

t=1

min
(
rt(θ)Ât,

clip (rt(θ), 1− ϵ, 1 + ϵ) Ât

)]

(1)

Here, x denotes a prompt sampled from the data
distribution D, and y = (y1, . . . , y|y|) are output
sequences sampled from the old policy πθold . The
term rt(θ) =

πθ(yt|x,y<t)
πθold (yt|x,y<t)

is the importance sam-

pling ratio. Ât represents the estimated advantage,
often computed using Generalized Advantage Es-
timation (GAE) (Schulman et al., 2016). ϵ is a
hyperparameter controlling the clipping range.

Group Relative Policy Optimization (GRPO)
Shao et al. (2024) introduces a critic-free RL
method GRPO that simplifies policy optimization
by eliminating explicit value function estimation.
For each prompt x, it estimates advantages by nor-
malizing the rewards among a group of G sampled
responses {ri}Gi=1.

Âi,t =
ri − mean({ri}Gi=1)

std({ri}Gi=1)
(2)

The GRPO objective integrates this advantage es-
timation into a clipped policy gradient framework:

JGRPO(θ) = E


 1

G

G∑

i=1

1

|yi|

|yi|∑

t=1

min
(
ri,t(θ)Âi,t,

clip(ri,t(θ), 1− ϵ, 1 + ϵ)Âi,t

)]
(3)

where ri,t(θ) =
πθ(yi,t|x,yi,<t)
πθold (yi,t|x,yi,<t)

is the impor-
tance ratio. This approach preserves gradient re-
liability in sparse reward settings while avoiding
critic approximation errors.

Decoupled Clip and Dynamic Sampling Policy
Optimization (DAPO) DAPO (Yu et al., 2025)
is an RL approach tailored for reasoning tasks re-
cently. It optimizes the objective as follows:

JDAPO(θ) = E


 1∑G

i=1 |yi|

G∑

i=1

|yi|∑

t=1

min
(
ri,t(θ)Âi,t,

clip(ri,t(θ), 1− ϵlow, 1 + ϵhigh)Âi,t

)]
(4)

DAPO’s main innovations lie in its decoupled
clipping ranges (1 − ϵlow, 1 + ϵhigh), which al-
low asymmetric policy updates to encourage ex-
ploration, dynamic sample filtering that discards
batches where all responses share identical correct-
ness, and token-level loss aggregation with reward
shaping to handle variations in response lengths.

2.2 Policy Entropy in Reinforcement Learning

Policy entropy measures the uncertainty of a pol-
icy and reflects the balance between exploration
and exploitation in RL (Ahmed et al., 2019). A
high-entropy policy encourages diverse outputs
and exploration of the action space, whereas a
low-entropy policy favors exploiting the currently
learned behavior. For a policy model πθ and a
dataset of prompts D, the token-level entropy is:

H(πθ,D) = −Ex∼D,y∼πθ(·|x)


 1

|y|

|y|∑

t=1

log πθ(yt|y<t, x)




(5)

A major challenge in RL is entropy collapse,
in which the policy distribution becomes overly
concentrated, resulting in premature convergence,
reduced output diversity, and degraded task perfor-
mance (Cui et al., 2025b). One common approach
to mitigate this issue is to introduce entropy regu-
larization into the policy objective (Haarnoja et al.,
2017, 2018). Specifically, in the context of policy
gradient methods, the objective with an entropy
regularization term can be written as:

J (θ) = Ex∼D,y∼πθ(·|x)




|y|∑

t=1

Ât log πθ(yt|y<t, x)

+αH(πθ(·|x))]

(6)

37749



where α is the entropy regularization coefficient
that controls the relative strength of the entropy
term. A larger α encourages exploration by main-
taining higher policy entropy, while a smaller α fo-
cuses more on exploitation. In practice, additional
strategies such as techniques like the clip-higher
method in DAPO (Yu et al., 2025) can also pre-
vent premature entropy collapse and improve the
performance of the policy.

3 Method

3.1 Impact of Clipped-Token Gradients on
Entropy Dynamics

In policy optimization-based RL, PPO and its vari-
ants typically employ a clipping operation to con-
strain the magnitude of policy updates, aiming to
stabilize training. Specifically, when a token’s im-
portance sampling ratio exceeds 1 + ϵ with a posi-
tive advantage, or falls below 1− ϵ with a negative
advantage, the corresponding gradient is clipped.
While this mechanism effectively prevents overly
aggressive updates, it introduces a new issue: pol-
icy entropy often becomes unstable during training,
typically manifesting as either entropy collapse or
entropy explosion. Some existing methods attempt
to alleviate this issue by expanding the clipping
interval. For example, DAPO’s clip-higher strat-
egy extends the upper bound from 1 + ϵ to 1 + ϵh,
incorporating some tokens originally outside the
clip interval that contribute higher entropy. This
approach primarily addresses entropy collapse, sug-
gesting that gradients from tokens outside the clip-
ping interval play a critical role in controlling the
dynamics of policy entropy.

From a theoretical perspective (Cui et al., 2025a),
the change in policy entropy can be approximated
as follows, with proof provided in Appendix A.2.

H(πk+1
θ |y<t, x)−H(πk

θ |y<t, x)

≈ −η · Covy∼πk
θ
(·|x)

(
log πk

θ (yt|y<t, x), π
k
θ (yt|y<t, x) · Ât

)

(7)

where η denotes the learning rate. This expression
shows that the evolution of policy entropy is gov-
erned by the covariance between log πk

θ (yt|y<t, x)

and πk
θ (yt|y<t, x) · Ât.

Further analysis indicates that tokens lying out-
side the clipping interval are predominantly low-
probability tokens, as illustrated in Figure 1. Con-
sidering their interaction with the advantage func-
tion, the effect of these out-of-clip gradients on
entropy dynamics can be described more precisely:

• For PA&LP tokens, their gradients would en-
courage the model to explore new possibilities,
reducing the covariance and slowing the decrease
of entropy.

• For NA&LP tokens, their gradients would rein-
force high-probability tokens, increasing the co-
variance and accelerating policy convergence,
which leads to a reduction in entropy.

These observations demonstrate that gradients
from out-of-clip tokens are far from negligible;
they directly influence the evolution of policy en-
tropy. Appropriately incorporating and regulating
out-of-clip gradients enables dynamic control of
entropy, guiding the model to achieve a more effec-
tive balance between exploration and exploitation
at different training stages.

3.2 Gradient-Preserving Clipping Policy
Optimization

Based on the preceding analysis, we propose that
incorporating gradients from tokens outside the
clipping interval can effectively control policy en-
tropy. To this end, we introduce the Gradient-
Preserving Clipping Policy Optimization (CE-
GPPO) algorithm. The core idea of CE-GPPO
is to preserve the gradients of tokens outside the
clipping interval and adjust their magnitudes while
ensuring stable policy updates, enabling explicit
regulation of entropy. Specifically, CE-GPPO de-
couples the forward and backward passes by intro-
ducing a stop gradient operation, allowing gradient
updates to no longer be strictly constrained by the
original clipping interval. The objective function is
defined as:

JCE-GPPO(θ) = E


 1∑G

i=1 |yi|

G∑

i=1

|yi|∑

t=1

ℓ(i)


 ,

ℓ(i) =





β1 · 1− ϵ

sg(δ)
δ · Âi,t, if δ < 1− ϵ and Âi,t < 0,

β2 · 1 + ϵ

sg(δ)
δ · Âi,t, if δ > 1 + ϵ and Âi,t > 0,

δ · Âi,t, otherwise.
(8)

Here, δ = ri,t denotes the importance sampling ra-
tio, and sg(·) represents the stop gradient operation.
The coefficients β1 and β2 control the scaling of
gradients outside the left and right clipping bound-
aries, respectively. It is worth noting that when
β1 = β2 = 0, CE-GPPO is equivalent to PPO.

Through this design, CE-GPPO effectively incor-
porates the gradients of originally clipped PA&LP
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and NA&LP tokens into the update. Specifically,
a larger β1 amplifies PA&LP gradients, slowing
the decline of policy entropy and promoting ex-
ploration, whereas a larger β2 amplifies NA&LP
gradients, accelerating policy convergence and re-
ducing entropy to facilitate exploitation. By ad-
justing these coefficients, CE-GPPO can flexibly
modulate the dynamics of policy entropy, balanc-
ing exploration and exploitation during training.

3.3 Ensuring Stable Optimization in
CE-GPPO

Despite incorporating gradients from outside the
clipping interval to regulate policy entropy, CE-
GPPO maintains a stable optimization process.
This property can be understood by analyzing its
gradient formulation. The gradient of CE-GPPO
is given as follows, with a detailed derivation pro-
vided in Appendix A.3.

∇θJCE-GPPO(θ) = E


 1∑G

i=1 |yi|

G∑

i=1

|yi|∑

t=1

Fi,t(θ)·

∇θ log πθ(yi,t|y<t, x) · Âi,t

]
(9)

Fi,t(θ) =





β1 · (1− ϵ), if δ < 1− ϵ and Âi,t < 0,

β2 · (1 + ϵ), if δ > 1 + ϵ and Âi,t > 0,

δ, otherwise.
(10)

It can be observed that when the importance
sampling ratio δ falls outside the clipping interval,
CE-GPPO does not amplify the gradient without
bound. Instead, it restricts the update to β1 · (1− ϵ)
or β2 ·(1+ϵ). Since β1 and β2 are typically close to
1, the overall gradient magnitude remains within a
reasonable range. Moreover, other terms are struc-
turally identical to those in the standard PPO gra-
dient, and therefore contribute to optimization sta-
bility in the same way as the original PPO. As a
result, while CE-GPPO introduces gradient signals
beyond the clipping interval, it still preserves sta-
bility comparable to that of standard PPO, ensuring
a controllable optimization process.

In addition, CE-GPPO preserves the same com-
putational and memory complexity as standard
PPO, since it only introduces an element-wise
reweighting of the policy gradient loss without ad-
ditional forward passes or auxiliary components.

4 Experiment

4.1 Experimental Setup

Datasets Our RL training dataset is
KlearReasoner-MathSub-30K (Su et al., 2025a),
which consists of approximately 30k samples
collected from several high-quality sources, includ-
ing Skywork-OR1 (He et al., 2025), Acereason
(Chen et al., 2025), NuminaMath (LI et al., 2024),
and DeepScaleR (Luo et al., 2025). To mitigate
potential data contamination, the dataset has
been further processed with 9-gram deduplication
against the evaluation benchmarks.

Training We conducted training with CE-GPPO
on two model sizes, DeepSeek-R1-Distill-Qwen-
1.5B and DeepSeek-R1-Distill-Qwen-7B. The max-
imum training sequence length was set to 16k, and
the learning rate was fixed at 1× 10−6. We gener-
ated 8 rollouts for each prompt. The parameter ϵ
was fixed at 0.2 with symmetric upper and lower
bounds. Following He et al. (2025), no KL loss
term was included in the objective. Each run was
trained for up to 1000 steps, corresponding to ap-
proximately 10 epochs. The experimental settings
for the baselines are provided in Appendix A.1.

Evaluation We evaluated our method on multi-
ple open-ended benchmarks covering mathematical
reasoning, code reasoning, and instruction follow-
ing. For the mathematics benchmarks, all results
were reported using avg@32, except for MATH500,
which used avg@4. For AIME 24/25, we con-
ducted inference with a maximum sequence length
of 32k, while all other mathematics benchmarks
were evaluated with a maximum sequence length
of 16k. Following Yang et al. (2024), answers were
extracted from the \boxed{} in the model’s output.
For the code reasoning and instruction-following
benchmarks, all results were reported using avg@4,
with a maximum inference length of 32k. In partic-
ular, for the instruction-following benchmarks, we
reported results at both the prompt level (IFBench-
P) and the instance level (IFBench-I).

4.2 Main Results

As shown in Table 1, we report the performance
comparison between our proposed CE-GPPO and
other baseline methods. DAPO represents GRPO
training with the clip-higher strategy, where we set
ϵhigh to 0.28 with reference to Yu et al. (2025).
It can be observed that CE-GPPO consistently
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Method Math Reasoning Code Reasoning Instruct Following

AIME24 AIME25 HMMT25 MATH500 AMC23 HumanEval LCB v6 IFBench-P IFBench-I

DS-R1-Distill-Qwen-1.5B 29.2 24.1 13.1 86.0 73.7 70.4 25.1 12.0 14.1
+ GRPO 33.4 28.1 16.6 88.3 79.3 67.5 27.1 12.2 14.5
+ DAPO 40.0 28.4 19.2 90.0 84.4 73.2 30.5 12.8 14.8
+ CE-GPPO w/ β1 = 0.5, β2 = 1 42.0 33.9 21.6 91.0 85.9 76.5 31.7 13.7 15.7
+ CE-GPPO w/ β1 = 0.75, β2 = 1 43.6 31.0 19.3 90.9 85.6 74.9 31.1 13.8 16.0

DS-R1-Distill-Qwen-7B 54.5 39.1 26.2 93.6 90.6 89.6 49.0 16.8 18.9
+ GRPO 55.3 40.3 24.5 93.7 88.8 88.6 49.2 16.6 18.9
+ DAPO 59.7 48.7 25.6 95.1 93.4 92.5 52.2 16.5 18.7
+ CE-GPPO w/ β1 = 0.5, β2 = 1 62.3 49.1 27.3 94.9 92.8 91.9 52.2 17.4 19.8
+ CE-GPPO w/ β1 = 0.75, β2 = 1 66.0 51.4 30.5 95.6 93.8 93.0 53.6 17.4 19.7

Table 1: Performance comparison of CE-GPPO and baseline methods on multiple benchmarks across different
models. DS-R1-Distill-Qwen-1.5B and DS-R1-Distill-Qwen-7B denote the DeepSeek-R1-Distill-Qwen-1.5B and
DeepSeek-R1-Distill-Qwen-7B models, respectively. DAPO stands for GRPO training with Clip Higher trick.
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Figure 2: Based on DeepSeek-R1-Distill-Qwen-7B, a
comparison of GRPO, DAPO, and GPPO in terms of
entropy dynamics and AIME25 benchmark accuracy.

outperforms the baselines across different bench-
marks, with particularly pronounced gains on more
challenging tasks such as AIME25 and HMMT25.
Moreover, the advantages of CE-GPPO scale with
model size: the 1.5B model achieves a 2.5-point
improvement over the best baseline, while the 7B
model achieves a 3-point improvement. This indi-
cates that larger models can more effectively lever-
age the benefits of CE-GPPO.

Furthermore, as shown in Figure 2, we exam-
ine the training dynamics of entropy and AIME24
accuracy, and obtain three key observations.

• First, native GRPO suffers from entropy collapse,
an issue effectively mitigated by both DAPO and
CE-GPPO, leading to significant improvements.
DAPO addresses this by adjusting Clip Higher,
whereas CE-GPPO propagates the gradients of
clipped PA&LP tokens back in a bounded and
moderate manner.

• Second, at the early stage of DAPO training,
entropy increases significantly and remains at
a high level, while CE-GPPO maintains stable
entropy throughout training and achieves clear
improvements over DAPO. This suggests that
DAPO is prone to over-exploration, whereas CE-
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Figure 3: Entropy dynamics and benchmark accuracy
under different β1/β2 configurations.

GPPO resolves this problem by backpropagating
the gradients of clipped NA&LP tokens.

• Third, by coordinating entropy dynamics, CE-
GPPO achieves a stable balance between explo-
ration and exploitation, leading to more effective
optimization.

5 Analysis

5.1 Impact of Different β Hyperparameters
on Entropy Dynamics

To empirically validate that CE-GPPO can regulate
entropy dynamics through parameter settings, we
conducted experiments with different β1/β2 con-
figurations, as shown in Figure 3. We observe that
entropy decreases much faster when β1 is large or
β2 is small, whereas it decreases much more slowly
when β1 is small or β2 is large. This confirms our
key finding that the choice of β1 and β2 directly
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governs the evolution of entropy. The underlying
mechanism is that:

• A larger β1 amplifies gradients beyond the left
clip boundary (mainly from NA&LP tokens).
These gradients strengthen high-probability to-
kens, accelerating exploitation and thus causing
entropy to collapse quickly.

• A larger β2, on the other hand, amplifies gra-
dients beyond the right clip boundary (mainly
from PA&LP tokens). These gradients encour-
age exploration of new tokens, slowing entropy
reduction.

5.2 Entropy-Guided Training Dynamics

Further experiments reveal the relationship be-
tween entropy dynamics and model performance.
As shown in Figure 3, when entropy decreases too
rapidly, such as in the 1.5B model with the setting
β1 = 1, β2 = 0.5, the model performance degrades
quickly once entropy falls below a certain threshold.
In contrast, when entropy remains relatively high
and stable in the early stage of training, as in the
1.5B model with the setting β1 = 0.5, β2 = 1, the
model avoids premature convergence to suboptimal
solutions and continues to improve on benchmarks.

However, excessively high entropy does not nec-
essarily lead to better results, and it must be main-
tained within a reasonable range. In the 7B model
with the setting β1 = 0, β2 = 1, entropy increases
consistently during the early stage of training, yet
model performance does not show clear gains. In-
stead, the configuration β1 = 0.75, β2 = 1, which
keeps entropy more stable, achieves the best perfor-
mance throughout training. Although the entropy
dynamics of the 1.5B and 7B models differ, both
have reached three consistent conclusions:

• Maintaining relatively high and stable entropy
is generally beneficial for sustained performance
improvement during training.

• A greater weight β2 is given to the gradients
of PA&LP tokens, while a smaller weight β1 is
given to the gradients of NA&LP tokens. This
is conducive to maintaining the model’s explo-
ration ability and is more beneficial for perfor-
mance improvement.

• We have observed that CE-GPPO exhibits ro-
bustness to hyperparameters, with significant
performance improvements seen across models
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Figure 4: Comparison of KL divergence and gradient
norm dynamics between GRPO and CE-GPPO.

of different sizes under the settings of β1 =
0.5, β2 = 1 and β1 = 0.75, β2 = 1.

Moreover, we further investigate the role of entropy
at different training stages in section 5.6. Simi-
lar to the findings of Bai et al. (2025), we find
that maintaining high entropy in the early stage
and moderately reducing entropy in the later stage
facilitates better performance improvement.

5.3 Training Stability Analysis of CE-GPPO

To achieve finer control over policy entropy, CE-
GPPO introduces the gradients of tokens outside
the clipping interval on top of GRPO. Although
this operation to some extent relaxes the trust re-
gion constraint of standard PPO, we theoretically
prove that the additional gradients incorporated
by CE-GPPO are stable and do not lead to train-
ing collapse. To further validate this conclusion,
we compare GRPO and CE-GPPO in terms of the
KL divergence between the old policy model and
the policy model during training, as well as the
variation in gradient norms, as shown in Figure 4.
The results show that CE-GPPO maintains a stable
trend in both metrics throughout training, without
abrupt fluctuations or abnormal values beyond rea-
sonable ranges. These findings provide empirical
evidence that CE-GPPO backpropagates gradients
of out-of-trust-region tokens in a mild and bounded
manner, preventing the policy model from drifting
too far from the old policy model, and ensuring
that CE-GPPO training remains stable.

5.4 Comparison with Other RL Algorithms

In this section, we compare CE-GPPO with
a broader set of RL algorithms, including
CISPO (Zheng et al., 2025), and GSPO (Zheng
et al., 2025). The experimental configurations are
provided in Appendix A.1. As summarized in Ta-
ble 2, we evaluate each model on several mathe-
matical reasoning benchmarks. CE-GPPO achieves
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Method AIME24 AIME25 HMMT25 MATH500 AMC23 Avg.

DS-R1-Distill-Qwen-1.5B 29.2 24.1 13.1 86.0 73.7 45.2
+ CISPO 32.9 25.1 13.2 85.8 80.9 47.6
+ GSPO 42.5 33.6 19.0 90.3 85.9 54.3
+ CE-GPPO w/ β1 = 0.5, β2 = 1 42.0 33.9 21.6 91.0 85.9 54.9

Table 2: Comparison of CE-GPPO, CISPO and GSPO in mathematical RL training.

the best performance on 4 out of 5 datasets, demon-
strating significant improvements over the baseline
methods and underscoring the effectiveness of the
proposed approach.

We observe that CISPO exhibits model collapse
during training: in later stages, its performance
declines sharply alongside a rapid drop in en-
tropy. CISPO also retains gradients from all tokens
while applying constraints on the gradient mag-
nitudes. This suggests that constraining gradient
norms alone is insufficient to ensure training sta-
bility when gradients from all tokens are retained.
In contrast, CE-GPPO shows steady improvement
throughout training. We identify two main reasons
for this robustness:

• CE-GPPO assigns a smaller weight β1 to the
gradients of NA&LP tokens, while assigning a
larger weight β2 to the gradients of PA&LP to-
kens. Compared with CISPO, it achieves a better
balance between exploration and exploitation.

• Compared with CISPO, CE-GPPO inherits the
pessimistic update mechanism of PPO. Specif-
ically, when δ < 1 − ϵl and Âi,t > 0, CE-
GPPO sets Fj,t(θ) = δ (where 0 < δ <
1 − ϵl), suppressing overly optimistic improve-
ments and thus updating more conservatively;
whereas CISPO uses a larger update magnitude
1 − ϵl. When δ > 1 + ϵl and Âi,t < 0, CE-
GPPO still sets Fj,t(θ) = δ (with δ > ϵh), fully
trusting negative feedback without suppression,
while CISPO applies a smaller update magni-
tude 1 + ϵl. The pessimistic update strategy of
CE-GPPO avoids excessive optimism while fully
incorporating negative feedback, enhancing algo-
rithmic stability and preventing policy collapse.

Compared with GSPO, CE-GPPO shows
clear advantages on AIME2025, HMMT25 and
MATH500. It also achieves a higher average score.
We attribute this improvement to CE-GPPO’s abil-
ity to preserve gradients across more tokens. Dur-
ing GSPO training, nearly 15% of tokens are
clipped and do not contribute to gradient updates.
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Figure 5: Comparison of CE-GPPO with other en-
tropy collapse mitigation strategies. Native GRPO
denotes the baseline without any mitigation strategy.
α = 0.001/0.003 indicate the addition of an entropy
loss term to the Native GRPO baseline, where α repre-
sents the entropy loss coefficient. DAPO refers to apply-
ing the Clip Higher strategy on Native GRPO baseline.

Thus, CE-GPPO not only achieves better perfor-
mance but also higher token utilization efficiency.

Importantly, CE-GPPO and GSPO introduced
complementary improvements. GSPO replaced
token-level importance sampling ratios with
sequence-level ratios to reduce variance, while CE-
GPPO modified the policy gradient objective via
stop-gradient weighting, enabling controlled gradi-
ent contributions beyond the clipping region. Prior
work has shown that GSPO may suffer from en-
tropy explosion (Anonymous, 2025), suggesting
that variance reduction alone does not resolve insta-
bility in entropy dynamics, an issue that CE-GPPO
explicitly addresses.

5.5 Comparison with Existing Entropy
Collapse Mitigation Methods

In this section, we compare CE-GPPO with other
methods designed to mitigate entropy collapse, fo-
cusing on the relationship between entropy dynam-
ics and model performance. As shown in Figure
5, the Native GRPO without any entropy collapse
mitigation strategy suffers from severe entropy col-
lapse during training, with entropy eventually con-
verging to around 0.06. Both the clip higher strat-
egy adopted by DAPO and the traditional entropy
regularization method can slow down entropy de-
cay in RL to some extent.
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However, we find that entropy regularization is
highly sensitive to the choice of its coefficient. Set-
ting the entropy loss coefficient to α = 0.001 slows
the collapse, but entropy still converges to approxi-
mately 0.06, resulting in a performance drop on the
benchmark. In contrast, increasing α to 0.003 trig-
gers an entropy explosion, which is accompanied
by a substantial degradation in performance.

In contrast, both the clip higher strategy in
DAPO and our CE-GPPO method effectively sup-
press entropy collapse, maintaining entropy at a
higher level while enabling steady improvements
in model performance during training. Notably,
DAPO exhibits an entropy rebound in the later
stage (starting around step 300), which further sug-
gests a potential issue of over-exploration. Con-
versely, CE-GPPO shows a slow but stable decline
and achieves superior performance on the AIME25
benchmark. This indicates that CE-GPPO, when
equipped with well-tuned β1 and β2, better bal-
ances exploration and exploitation.

5.6 The Role of Entropy at Different Stages of
Training

We further investigate the role of entropy at differ-
ent stages of training. The results show that main-
taining high and stable entropy in the early stage
facilitates exploration, while in the later stages, a
gradual convergence of entropy within a reasonable
range helps stabilize performance and consolidate
the learned knowledge. For example, in Figure 6,
under the setting β1 = 0, β2 = 1, entropy shows a
slight upward trend in the late stage. By switching
from β1 = 0, β2 = 1 to β1 = 0.5, β2 = 1 in the
middle stage, entropy stabilizes and decreases in
the later stage, which brings further performance
improvements. This finding is consistent with the
conclusion of Kimi K2 (Bai et al., 2025) that ex-
ploration should be encouraged in the early stage
and exploitation should be emphasized later. Our
method is able to regulate the dynamics of entropy
to achieve such a balance between exploration and
exploitation, unlocking greater model performance.

6 Conclusion

In this paper, we investigate the intrinsic mech-
anisms that drive entropy dynamics in reinforce-
ment learning for LLMs and identify clipped low-
probability tokens as critical factors in balancing
exploration and exploitation. Based on this under-
standing, we propose CE-GPPO, a novel algorithm
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Figure 6: Entropy dynamics and benchmark accuracy
under different β1/β2 configurations. For β1 = 0/β2 =
1, the setting is maintained consistently across 0–1000
steps. For β1 = 0/β2 = 1 → β1 = 0.5/β2 = 1
configuration, the transition occurs at step 585.

that incorporates gradient signals from out-of-clip
tokens in a controlled and theoretically grounded
manner. By introducing a stop-gradient opera-
tion and tunable scaling, CE-GPPO effectively pre-
serves training stability while enabling fine-grained
control of policy entropy. Extensive experiments
demonstrate that CE-GPPO prevents entropy col-
lapse, avoids excessive exploration, and achieves
superior performance compared to strong baselines
including GRPO, DAPO, CISPO, and GSPO.

Limitations

Since each model has different parameters, its en-
tropy pattern also varies; for example, some models
exhibit high entropy at the beginning of RL train-
ing, while others start with low entropy. Although
CE-GPPO demonstrates robustness to hyperparam-
eters, we find that β1 = 0.5, β2 = 1 serves as a
generally effective setting, achieving good perfor-
mance across different models. For these diverse
models, however, achieving optimal results still re-
quires a certain degree of hyperparameter tuning,
which we leave as future work.
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A Appendix

A.1 Experimental Setup for Other Baseline
RL Methods

GRPO is a reinforcement learning algorithm
designed to fine-tune LLMs by optimizing poli-
cies through group-based comparisons. Following
(Shao et al., 2024), we set the clipping parameter ϵ
for the upper and lower bounds to 0.2.

DAPO builds upon and refines the GRPO frame-
work, addressing key limitations such as entropy
collapse and training instability. Following (Shao
et al., 2024), the lower and upper clipping thresh-
olds were set to ϵl = 0.2 and ϵh = 0.28, respec-
tively.

CISPO lies in the direct application of a clip-
ping mechanism to the Importance Sampling (IS)
weights, as opposed to clipping the final policy
update (Cui et al., 2025a). We set the clipping
parameter ϵ for the upper and lower bounds to 0.2.

GSPO is a reinforcement learning algorithm de-
veloped to enhance the training stability, efficiency,
and scalability of LLMs. The core of the algorithm
lies in its use of a sequence-level importance ratio
(Zheng et al., 2025). Following (Zheng et al., 2025),
the lower and upper clipping thresholds were set to
ϵl = 0.0003 and ϵh = 0.0004.

A.2 Proof of the Formula for Policy Entropy
Change

A.2.1 Problem Setup and Assumptions
Let πθ(a | s) denote a stochastic policy parame-
terized by θ, where s represents the state and a
represents an action. The policy entropy at state s
is defined as:

H(πθ | s) = −
∑

a∈A
πθ(a | s) log πθ(a | s) (11)

We make the following standard assumptions:

• The policy follows a tabular softmax parameteri-
zation:

πθ(a | s) = exp(zs,a)∑
a′∈A exp(zs,a′)

(12)

where zs,a are the logits corresponding to state-
action pairs.

• Policy updates are performed using the policy
gradient theorem with a sufficiently small learn-
ing rate η > 0, such that first-order Taylor ap-
proximations remain valid.

• The advantage function Â(s, a) is baseline-
centered, satisfying:

Ea′∼πk [Â(s, a′)] = 0 (13)

This is a common practice in policy gradi-
ent methods where advantages are computed as
Q(s, a)− V (s).

Our goal is to derive an approximation for the
entropy change between successive policy updates:

∆H = H(πk+1
θ | s)−H(πk

θ | s) (14)

A.2.2 Derivation

Step 1: First-Order Taylor Expansion of En-
tropy Treating the entropy as a function of the
logits zs,a at a fixed state s, we employ a first-order
Taylor expansion around the current parameters zk:

H(πk+1 | s) ≈ H(πk | s)+
∑

a∈A

∂H(πk | s)
∂zs,a

(zk+1
s,a − zks,a)

(15)

The entropy change can therefore be approxi-
mated as:

∆H ≈
∑

a∈A

∂H(πk | s)
∂zs,a

(zk+1
s,a − zks,a) (16)

Step 2: Gradient of Entropy with Respect
to Logits We now compute the gradient term
∂H(πk|s)
∂zs,a

. Starting from the entropy definition:

H(πk | s) = −
∑

a′∈A
πk(a′ | s) log πk(a′ | s) (17)

Following standard derivations for the softmax
parameterization, we obtain:

∂H(πk | s)
∂zs,a

= −
∑

a

∂πk(a | s)
∂zs,a′

(log πk(a | s) + 1)

= −
∑

a

πk(a | s)
(
1a=a′ − πk (a′ | s

))

(log πk(a | s) + 1)

= −πk(a′ | s)(log πk(a′ | s) + 1)

+ πk(a′ | s)
∑

a

π(a | s)(log πk(a | s) + 1)

= −πk(a | s)
(
log πk(a | s)

−Ea′∼πk [log π
k(a′ | s)]

)

(18)
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Step 3: Policy Gradient Update for Logits Un-
der the policy gradient theorem and our baseline-
centered advantage assumption, the logit update
simplifies to:

zk+1
s,a − zks,a = ηEa′∼πθ(·|s)

[
∂ log πθ(a

′|s)
∂zs,a

Â(s, a′)

]

= ηEa′∼πθ

[
(1a′=a − πθ(a|s))Â(s, a′)

]

= η
∑

a′
πθ(a

′|s)(1a′=a − πθ(a|s))Â(s, a′)

= ηπθ(a|s)Â(s, a)− πθ(a|s)
∑

a′
πθ(a

′|s)Â(s, a′)

= ηπθ(a|s)
(
Â(s, a)− Ea′∼πθ

[Â(s, a′)]
)

= ηπk(a | s)Â(s, a)
(19)

This follows directly from the policy gradient
theorem and the baseline-centered advantage as-
sumption Ea′∼πk [Â(s, a′)] = 0.

Step 4: Combining the Results Substituting
Equations 18 and 19 into the Taylor expansion from
Equation 16:

∆H ≈
∑

a∈A

∂H(πk | s)
∂zs,a

(zk+1
s,a − zks,a)

=
∑

a∈A

[
−πk(a | s)

(
log πk(a | s)−

Ea′∼πk [log π
k(a′ | s)]

)]
(zk+1

s,a − zks,a)

= −Ea∼πk

[(
log πk(a | s)−

Ea′∼πk [log π
k(a′ | s)]

)
(zk+1

s,a − zks,a)
]

= −
(
Ea∼πk

[
log πk(a | s)

(
zk+1
s,a − zks,a

)]
−

Ea′∼πk

[
log πk (a′ | s

)]
Ea∼πk

[
zk+1
s,a − zks,a

])

(20)

This is precisely the definition of covariance:

Cov(X,Y ) = E[XY ]− E[X]E[Y ] (21)

where X = log πk(a | s), Y = zk+1
s,a − zks,a. Therefore:

∆H ≈ −Cova∼πk

(
log πk(a | s), zk+1

s,a − zks,a

)
(22)

Then we substitute the result obtained in step 3
to arrive at the following equation.

∆H ≈ −Cova∼πk

(
log πk(a | s), ηπk(a | s)Â(s, a)

)

= −ηCova∼πk

(
log πk(a | s), πk(a | s)Â(s, a)

)

(23)

This completes the derivation of the desired for-
mula.

A.3 Proof of the Gradient of CE-GPPO
Objective

In this section, we derive the gradient of the pro-
posed CE-GPPO loss function. Recall that the
objective is defined as

JCE-GPPO(θ) = E


 1∑G

i=1 |yi|

G∑

i=1

|yi|∑

t=1

ℓ(i)


 ,

where ℓ(i) =





β1 · 1− ϵ

sg(δ)
δ · Âi,t, if δ < 1− ϵ and Âi,t < 0,

β2 · 1 + ϵ

sg(δ)
δ · Âi,t, if δ > 1 + ϵ and Âi,t > 0,

δ · Âi,t, otherwise.
(24)

Here, δ is the importance sampling ratio between
the updated and reference policies:

δ =
πθ(yi,t | y<t, x)

πθold(yi,t | y<t, x)
(25)

Note that sg(·) denotes the stop-gradient opera-
tor, ensuring that the scaling terms (1− ϵ)/ sg(δ)
and (1 + ϵ)/ sg(δ) do not propagate gradients
through δ.

Taking the gradient of JCE-GPPO(θ), we obtain

∇θJCE-GPPO(θ) = E


 1∑G

i=1 |yi|

G∑

i=1

|yi|∑

t=1

∇θℓ
(i)


 (26)

We now consider the three cases in the definition
of ℓ(i):

Case 1: δ < 1− ϵ and Âi,t < 0.

ℓ(i) = β1 · 1− ϵ

sg(δ)
· δ · Âi,t (27)

Since sg(δ) is treated as a constant, the gradient
only flows through δ:

∇θℓ
(i) = β1

(1− ϵ)
πθ(yi,t|y<t,x)

πθold
(yi,t|y<t,x)

· ∇θπθ(yi,t | y<t, x)

πθold(yi,t | y<t, x)
· Âi,t

= β1
(1− ϵ)

πθ(yi,t|y<t,x)

πθold
(yi,t|y<t,x)

· πθ(yi,t | y<t, x) · ∇θ log πθ(yi,t | y<t, x)

πθold(yi,t | y<t, x)
· Âi,t

= β1(1− ϵ) · Âi,t · ∇θ log πθ(yi,t | y<t, x)
(28)

Case 2: δ > 1 + ϵ and Âi,t > 0.

ℓ(i) = β2 · 1 + ϵ

sg(δ)
· δ · Âi,t (29)

Similarly,

∇θℓ
(i) = β2(1 + ϵ) · Âi,t · ∇θ log πθ(yi,t | y<t, x) (30)
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Case 3: Otherwise.

ℓ(i) = δ · Âi,t (31)

Thus,

∇θℓ
(i) = δ · Âi,t · ∇θ log πθ(yi,t | y<t, x) (32)

Combining the three cases, we may summarize
the gradient as:

∇θJCE-GPPO(θ) = E


 1∑G

i=1 |yi|

G∑

i=1

|yi|∑

t=1

Fi,t(θ)

·∇θ log πθ(yi,t | y<t, x) · Âi,t

]
,

(33)

where the weighting factor Fi,t(θ) is defined as

Fi,t(θ) =





β1 · (1− ϵ), if δ < 1− ϵ and Âi,t < 0,

β2 · (1 + ϵ), if δ > 1 + ϵ and Âi,t > 0,

δ, otherwise.
(34)

This completes the proof.
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