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Abstract

Large language model post-training relies on
reinforcement learning to improve model capa-
bility and alignment quality. However, the off-
policy training paradigm introduces distribu-
tion shift, which often pushes the policy beyond
the trust region, leading to training instabilities
manifested as fluctuations in policy entropy and
unstable gradients. Although PPO-Clip miti-
gates this issue through importance clipping,
it still overlooks the global distributional shift
of actions. To address these challenges, we
propose using the entropy ratio between the
current and previous policies as a new global
metric that effectively quantifies the relative
change in policy exploration throughout up-
dates. Building on this metric, we introduce
an Entropy Ratio Clipping (ERC) mechanism
that imposes bidirectional constraints on the en-
tropy ratio. This stabilizes policy updates at the
global distribution level and compensates for
the inability of PPO-clip to regulate probabil-
ity shifts of un-sampled actions. We integrate
ERC into both DAPO and GPPO reinforcement
learning algorithms. Experiments across mul-
tiple benchmarks show that ERC consistently
improves performance.

1 Introduction

In the post-training stage of large language models
(LLMs), reinforcement learning (RL) has gradually
become a core paradigm for improving both capa-
bility and alignment quality (Ouyang et al., 2022;
Shao et al., 2024; Guo et al., 2025). By sampling
trajectories and updating policies based on reward
signals, models can achieve superior performance
on complex reasoning tasks (Yang et al., 2025;
Chen et al., 2025a). Among various RL, Reinforce-
ment Learning with Verifiable Rewards (RLVR)
has recently gained increasing attention, as it en-
ables reward signals to be evaluated in a rule-based
manner and significantly enhances the reasoning
capability of LLMs (Lambert et al., 2024; Su et al.,

2025a).

However, RL training still faces the persistent
challenge of trust-region deviation (Schulman
et al., 2015; Liu et al., 2025). Since modern RL
for LLMs often adopts an off-policy paradigm, the
data used to update the current policy are generated
by older behavior policies, leading to distributional
drift between the old and new policies. Mainstream
methods typically employ importance sampling to
correct this bias, yet its inherently high variance
can destabilize the update step size (Schulman
et al., 2017). As a result, policy updates may de-
viate from the theoretical trust region, triggering a
series of training instabilities.

Trust-region deviations readily lead to two prob-
lems:

* Entropy instability: The policy entropy fluc-
tuates drastically across training stages, leading
to excessive or degenerate exploration behavior
(Cui et al., 2025; Cheng et al., 2025).

* Gradient norm instability: The gradient magni-
tude exhibits explosion or vanishing phenomena,
impairing convergence and optimization perfor-
mance (Liu et al., 2025; Team et al., 2025).

Existing works primarily follow two paradigms
to ensure the reliability of the trust region (Schul-
man et al., 2017). Firstly, PPO-Penalty (Schulman
et al., 2017) introduces a KL divergence penalty
into the policy gradient objective, using a single co-
efficient to control the overall divergence between
the old and new policies and prevent excessively
large updates. However, this coefficient is highly
sensitive: an insufficient penalty under-regularizes
the optimization, leaving the policy vulnerable to
instability; an excessive one over-constrains the pa-
rameter space and usually hinders exploration. To
address PPO-Clip employs a “hard clipping” mech-
anism that restricts the importance sampling ratio
within a predefined interval, preserving exploration
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Figure 1: (a): Scatter plot showing the relationship between token-wise sampling probability and entropy ratio
during RL training. (b): Comparison of the optimization objectives for DAPO and DAPO augmented with ERC.
ERC extends the standard PPO-clip objective in DAPO by introducing an additional clipping term on the entropy
ratio p; ;, thereby enforcing a global distribution-level constraint. (¢): Comparison of the trust regions with and
without ERC. By applying bidirectional clipping on the entropy ratio, ERC further tightens the trust region beyond

PPO-clip, effectively mitigating trust-region drift.

capacity while suppressing drastic changes in the
sampled actions. Empirical results show that this
approach is simple and effective, yet it has a blind
spot: the probabilities of unsampled actions remain
entirely unconstrained.

As iterations proceed, this portion of the dis-
tribution continues to drift, ultimately threaten-
ing policy stability. For example, if the ac-
tion space is {a,b,c,d}, the old policy prob-
abilities are {0.85,0,0.15,0}, after multiple it-
erations, the new policy probabilities become
{0.82,0.064,0.07,0.046}. Although the probabil-
ity of the sampled action a changes only slightly
and PPO-Clip does not trigger clipping, the distri-
bution of the remaining actions has shifted signif-
icantly, potentially causing oscillations in subse-
quent updates. As shown in Figure 1a, when the
probability of the sampling action is low or high,
e.g., below 0.2 or above 0.6, the global distribu-
tion shift becomes more pronounced, especially
for high-probability tokens. In these cases, PPO-
clip fails to effectively constrain such significant
global deviations, as its clipping primarily occurs
on low-probability tokens.

Additionally, previous works have observed that
entropy often becomes unstable during PPO-Clip
training (Yu et al., 2025; Su et al., 2025b,a). We
argue that one cause lies in the inability to clip
actions where entropy changes drastically between
the old and new policies. For instance, the entropy
of the old policy in the above example is 0.422,
while that of the new policy increases sharply to
0.666. This unconstrained entropy variation leads
to significant fluctuations during training.

Inspired by PPO-Clip, we propose the Entropy

Ratio Clipping (ERC) mechanism. As shown in
the Figure 1b, ERC directly applies hard trunca-
tion to sample gradients when the entropy change
between the old and new policies exceeds an allow-
able range. ERC does not replace PPO-Clip but
complements it: while PPO-Clip only constrains
the magnitude of local updates for sampled actions,
ERC clamps the entropy ratio within a moderate
interval, mitigating the drift of the overall policy
distribution. Experiments demonstrate that this
hard constraint simultaneously stabilizes both en-
tropy values and gradients throughout the training
process, ultimately leading to consistent and signif-
icant performance improvements.

Furthermore, as illustrated in Figure Ic, our
quantitative analysis demonstrates that incorpo-
rating ERC significantly narrows and stabilizes
the effective trust region. Even under substantial
off-policy conditions, the method with ERC con-
sistently maintains an importance sampling ratio
closer to 1 compared to the approach without ERC.
Empirically, this results in a more reliable and sta-
ble optimization process, reinforcing both conver-
gence consistency and policy robustness.

The main contributions of our work can be sum-
marized as follows:

* We introduce the entropy ratio, a novel metric
that quantifies the relative change in policy ex-
ploration during reinforcement learning training,
providing a new dimension for measuring the
global drift of policy distributions across updates.

* We propose the Entropy Ratio Clipping mech-
anism, which globally constrains the variation
in exploration to effectively mitigate trust-region



deviation and enhance training stability.

* We integrate and evaluate ERC across multiple re-
inforcement learning algorithms, demonstrating
that our method consistently stabilizes training
dynamics and yields performance improvements
across a range of benchmarks.

2 Preliminary

2.1 Proximal Policy Optimization

PPO (Schulman et al., 2017) is one of the most
widely adopted policy gradient methods in RL.
PPO is to stabilize training by restricting the de-
viation between the new and old policies during
updates, preventing excessively large policy steps.

Let 714 denote the old policy, my the current pol-
icy, and A; the advantage function. The standard
policy gradient objective can be written as:

To6(0) = Exnp, ymg,,, (1) [re(0) Ad]
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Here, x denotes a query sampled from the data
distribution D, and y denotes a response generated
by the old policy moq. Directly optimizing this
objective may cause the importance ratio (6) to
deviate excessively, leading to unstable training.
To mitigate this issue, PPO introduces two major
forms of trust-region constraints.

PPO-penalty PPO-penalty enforces a global con-
straint on the distributional difference between the
new and old policies by adding a KL-divergence
penalty term to the objective:

Topo-penaity (0) = E [re(0) Ar — BKL(7aa | m0)]  (2)

Here, 3 is a penalty coefficient. The KL regular-
izer prevents the new policy from deviating exces-
sively from the old one, thus maintaining training
stability. However, PPO-penalty imposes pointwise
constraints on every action probability, which may
suppress exploration, and the adaptive adjustment
of 3 often relies on heuristic or empirical tuning,
making stability harder to guarantee.

PPO-clip PPO-clip enhances training stability by
directly clipping the probability ratio r(6) within
a fixed range, forming a local trust region:

Tppo-ctip(0) = E [min (r:(0) Az, clip(r:(0),1 —€,1 + €) A¢)]

(3)

Here, 1 — € and 1 + € denote the clipping bounds.
This mechanism truncates overly large updates to
reduce variance and improve stability. Compared
with PPO-penalty, PPO-clip is more robust and
easier to tune in practice. However, it constrains
only sampled actions, leaving unsampled actions
unconstrained, which may still drift beyond the
trust region.

2.2 PPO Variants

Group Relative Policy Optimization (GRPO)
GRPO (Shao et al., 2024) is a critic-free RL
method that simplifies PPO by removing explicit
value function estimation. Given a prompt z, it esti-
mates advantages by standardizing rewards across
a group of G sampled responses {r; }$ ;:
— mean({r;})
std({ri}Z,)

The standardized advantages are then applied in

a clipped policy gradient objective:

~ Ti

Air = )

G yil
Jarreo(6) = E g (it (0)Ass,

clip(ri (6),1 — €1 + e)Am)]

Q \

&)

Decoupled Clip and Dynamic Sampling Pol-
icy Optimization (DAPO) Building on GRPO,
DAPO (Yu et al., 2025) enhances training stability
and exploration efficiency through some key modi-
fications. Its optimization objective is as follow:
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Compared with GRPO, DAPO introduces three
improvements: asymmetric clipping bounds (1 —
€low, 1 + ehigh) to encourage exploration; dynamic
sample filtering to discard uninformative responses;
token-level loss aggregation with reward shaping
to better handle variable-length outputs.

Gradient-Preserving Clipping Policy Optimiza-
tion (GPPO) While GRPO and DAPO improve
efficiency and stability, the traditional clipping
mechanism can still suppress gradients of high-
entropy tokens and slow the convergence of neg-
ative samples. To address this, Su et al. (2025a)
proposed GPPO, which preserves gradients when
the importance sampling ratio exceeds the clip-
ping range. By maintaining constant-scale updates,



GPPO stabilizes training while alleviating exces-
sive gradient truncation. The objective is as follow:
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3.1 Entropy Ratio

In RL, off-policy updates often deviate from the
trust region, leading to instability during training.
Although PPO-clip mitigates excessively large up-
dates by clipping the importance sampling ratio,
its constraint applies only to the sampled actions
and thus fails to capture the overall change in the
policy distribution. To further enhance training
stability, we aim to introduce a more comprehen-
sive distributional constraint on top of PPO-clip,
while preserving sufficient exploration capability
for stable learning.

To this end, we propose the entropy ratio, de-
fined as the relative change in entropy between the
new and old policies evaluated on the same data.
Specifically, for each decoding step ¢, the token-
level entropy ratio is defined as:

H(mo,t)
H(Told, t)

=2 aevo(a | y<i,z) logmo(a | y<i, )
=2 ey Tou(a | y<e, z) log mou(a | y<e, z)”

pr =
(®)

where V denotes the vocabulary and a represents

every token in V. Crucially, the entropy ratio over-
comes a key limitation of importance sampling,
which focuses only on sampled actions, by directly
measuring shifts across the entire action distribu-
tion, including unsampled actions.

3.2 Entropy Ratio Clip

After introducing the entropy ratio as a global con-
straint on the policy distribution, we further incor-
porate this constraint into existing reinforcement
learning objectives. Inspired by PPO-clip, we pro-
pose the Entropy Ratio Clipping (ERC) mecha-
nism, which discards gradients of tokens whose
entropy ratio p; falls outside the predefined range
(1 — Biow, 1 + Bhign). Taking DAPO as an example,
the ERC objective can be formalized as follows:
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If an update causes the entropy ratio to exceed
its preset range, ERC directly applies a hard trun-
cation to the corresponding gradients, preventing
sharp fluctuations in the global output distribution
and entropy. Unlike KL constraints that contin-
uously restrict the policy throughout training, the
entropy ratio becomes active only when the entropy
of the new policy is about to deviate substantially
from that of the old policy. This approach prevents
sudden collapses of the policy distribution while
preserving sufficient exploration capacity.

Building upon PPO-Clip, further introducing the
ERC to measure the distribution shift between the
old and new policies offers two key benefits. First,
it can address the issue of global distribution shift
caused by importance sampling, which only con-
siders the probability of the sampled actions while
ignoring the distribution changes of the unsampled
actions. Second, by clipping samples where the
entropy ratio deviates significantly, we can more
easily maintain stable entropy between the old and
new policies.

Experiments show that compared with PPO-clip,
this constraint stabilizes the entropy curve, reduces
gradient variance, and enables the model to per-
form conservative updates while maintaining ongo-
ing exploration, ultimately achieving more stable
and efficient policy optimization. In practice, the
ERC mechanism integrates orthogonally with vari-
ous reinforcement learning objectives that rely on
importance-ratio clipping.

4 Experiment

4.1 Experimental Setup

Datasets Our training data is derived from the
KlearReasoner-MathSub-30K dataset (Su et al.,
2025a), which contains 30k high-quality mathe-
matical reasoning samples. This dataset integrates
multiple curated sources, including Skywork-OR1
(He et al., 2025), Acereason (Chen et al., 2025b),
NuminaMath (LI et al., 2024), and DeepScaleR
(Luo et al., 2025), followed by rigorous filtering
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Figure 2: Training dynamics of entropy, gradient
norm and benchmark accuracy on DeepSeek-R1-Distill-
Qwen-7B, comparing various baseline method with and
without the proposed ERC mechanism.

and data decontamination. Specifically, for each
query, we distilled 16 responses using DeepSeek-
R1-0120 and retained only those queries for which
the majority of responses passed rule-based valida-
tors math-verify!. This ensures both the correct-
ness and difficulty of the dataset.

Training We trained our models based on two
scales of pretrained models: DeepSeek-R1-Distill-
Qwen-1.5B? and DeepSeek-R 1-Distill-Qwen-7B>.
The maximum response sequence length was set
to 16k tokens, and the learning rate was le-6. For
each query, we rolled out 8 sampled responses.
Training proceeds off-policy with a batch of 128
prompts; at every model update this batch is split
into mini-batches of size 16. For the DAPO base-
line, we set the clipping thresholds to oy = 0.2
and epigh = 0.28 (Yu et al., 2025); for the GPPO
baseline, both thresholds were set to 0.2 (Su et al.,
2025b). Based on the observations from Figure
1, we intentionally adopted an aggressive clipping
strategy by selecting the narrowest region of the
entropy-ratio distribution as the preservation inter-
val. As a result, the entropy ratio bounds were set

"https://github.com/huggingface/Math-Verify

Zhttps://huggingface.co/deepseek-ai/DeepSeek-R 1 -
Distill-Qwen-1.5B

3https://huggingface.co/deepseek-ai/DeepSeek-R1-
Distill-Qwen-7B

to Blow = 0.05 and ﬁhigh = 0.05.

Evaluation We assessed our approach across a
range of open-ended benchmarks, including mathe-
matical reasoning, code reasoning and instruction-
following tasks. On the mathematics benchmarks,
results were reported using avg@32, except for
MATHS500, which employed avg@4. For AIME
24/25, inference was performed with a maximum
sequence length of 32k, whereas all other mathe-
matics benchmarks were evaluated with a 16k max-
imum sequence length. Consistent with Yang et al.
(2024), answers were extracted from the model out-
puts using the \boxed{} notation. For both code
reasoning and instruction-following benchmarks,
we used avg@4 scores and a 32k maximum infer-
ence length. Specifically, for instruction-following
tasks, results were reported at both the prompt level
(IFBench-P) and the instance level (IFBench-I) to
provide a comprehensive evaluation.

4.2 Main Results

Benchmark Performance As shown in Table
1, we conducted a comprehensive evaluation of
the proposed ERC method across multiple math-
ematical reasoning benchmarks. Experimental re-
sults demonstrate that, compared to existing RL
baselines, integrating ERC consistently improves
model performance across nearly all benchmarks.
Notably, the gains are more pronounced on more
challenging benchmarks such as AIME25 and
HMMT?25, highlighting the strong potential of
ERC in complex reasoning scenarios. Moreover,
the method yields consistent improvements on both
1.5B and 7B parameter scales, further confirming
its robustness and scalability across different model
capacities.

Training Stability To further investigate the im-
pact of ERC on training dynamics, we compare the
evolution of entropy and gradient norms under dif-
ferent methods. As shown in Figure 2, traditional
clipping methods often exhibit large entropy fluctu-
ations and unstable gradients during training. This
instability arises because their constraints apply
only to the locally sampled actions, failing to effec-
tively regulate the drift of unsampled actions within
the policy distribution. As training progresses,
this unconstrained distributional drift leads to trust-
region violations and undermines training stability.
In contrast, ERC introduces a global entropy-ratio
constraint that effectively suppresses global drift
in the policy distribution and structurally prevents



Method Math Reasoning Code Reasoning Instruct Following
AIME24 AIME25 HMMT25 MATH500 AMC23 Olympiad HumanEval LCBv6 IFBench-P IFBench-I

DS-R1-Distill-Qwen-1.5B 29.2 24.1 13.1 86.0 73.7 51.8 70.4 25.1 12.0 14.1

+ GRPO 334 28.1 16.6 838.3 79.3 56.2 71.5 26.6 13.4 15.8

+ DAPO 42.0 30.3 17.6 89.4 823 58.6 723 28.5 132 15.1

+ ERC-DAPO 4.2 31.8 19.2 90.0 84.3 61.0 74.0 28.8 135 15.9
DS-R1-Distill-Qwen-7B 54.5 39.1 26.2 93.6 90.6 67.0 89.6 49.0 16.8 18.9

+ GRPO 553 40.3 245 93.7 88.8 65.6 90.2 48.5 15.0 17.2

+ DAPO 62.0 459 27.4 94.1 92.3 69.9 91.2 50.6 15.6 18.0

+ ERC-DAPO 62.1 48.4 28.7 95.1 91.9 70.9 91.3 51.2 17.7 20.3

Table 1: Performance comparison of different baselines and ERC-augumented DAPO method on various mathe-
matical reasoning benchmarks. 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.
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Figure 3: Visualization of the clipping regions. Red
points indicate tokens clipped for exceeding the upper
bound of the entropy ratio, while yellow points indicate
tokens clipped for falling below the lower bound. Blue
points represent tokens that were not clipped. The en-
tropy ratio clipping shown here is applied on top of the
standard importance ratio clipping.

large entropy shifts during policy updates. As a
result, the training process becomes smoother, with
more stable entropy trajectories and well-bounded
gradient norms.

5 Analysis

5.1 ERC Enhances Trust Region Constraints

As shown in Figure 3, the clipping mechanism of
ERC effectively strengthens the trust region con-
straint. Specifically, the tokens clipped by the en-
tropy ratio boundary are predominantly located
near the boundaries of the trust region. This in-
dicates that ERC, operating from a global distribu-
tion perspective, can identify and restrict updates to
tokens that may still cause the policy to deviate, al-
though overlooked by PPO-clip’s local constraints.
Consequently, ERC and PPO-Clip function in a
complementary manner, jointly mitigating trust-
region divergence and enhancing training stability.

A further analysis of the distribution of clipped

Unclipped
5 Clipped

0.0 0.2 0.4 0.6
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Figure 4: Scatter plot illustrating the relationship be-
tween sampled token probabilities and the entropy of
their corresponding distributions. Blue points repre-
sent tokens that are not clipped by the ERC mechanism,
while orange points denote tokens that are clipped by
the entropy ratio constraint.

tokens reveals that they are mainly concentrated in
both high- and low-probability regions. Moreover,
the distributions of tokens clipped by the upper
and lower bounds exhibit an approximately cen-
trosymmetric pattern. This occurs because a sharp
decrease in the probability of high-likelihood to-
kens or a sharp increase in that of low-likelihood
tokens leads to a sudden rise in entropy, triggering
clipping by the upper bound. Conversely, the op-
posite trend causes a sharp entropy decrease and
results in clipping by the lower bound. Through
this mechanism, ERC effectively restrains drastic
fluctuations in the policy distribution.

5.2 Maintaining Exploration through ERC

To further understand the impact of ERC on the
model’s exploratory behavior, we analyze the en-
tropy distribution of tokens that are clipped by the
entropy ratio constraint during training. As shown
in Figure 4, most tokens clipped by ERC fall within
low-entropy regions, while high-entropy tokens are
generally preserved throughout optimization. This
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Figure 5: Word cloud visualization of tokens unclipped
by and clipped by the ERC mechanism.

indicates that ERC preferentially suppresses up-
dates to tokens that are overly deterministic and
contribute limited information gain, without exces-
sively constraining the model’s exploratory dynam-
ics.

To illustrate this phenomenon more intuitively,
we visualize which tokens are clipped and which
are retained. As shown in Figure 5, the retained to-
kens often include reasoning-related words such as
“wait” and “therefore” which typically appear in the
model’s chain-of-thought and reflect its reasoning
exploration process. In contrast, the tokens clipped
by ERC are primarily deterministic mathematical
symbols or computation operators, such as “frac”
or “sqrt”, which contribute little to the diversity of
the overall policy distribution.

In summary, ERC not only enforces trust-
region constraints but also selectively preserves ex-
ploratory updates. This clipping mechanism allows
the model to maintain stability while continuing to
explore high-entropy decision spaces, achieving a
balanced trade-off between training stability and
exploratory capability in reinforcement learning.

5.3 Clipping Ratio Analysis

Algorithm Clip Ratio

PPO-clip 0.02%
ERC 20.29%

Table 2: Comparison of token clipping ratios between
PPO-clip and ERC.

Our experimental results show that the global
distribution constraint introduced by ERC substan-
tially increases the effective clipping rate. As
shown in Table 2, the clipping ratio under PPO-
clip typically remains around 0.02%, whereas ERC
raises this number by nearly three orders of mag-
nitude, reaching approximately 20%. This strik-
ing discrepancy stems from the fundamental dif-
ference between the two constraint mechanisms:

PPO-clip only regulates the importance ratios of
locally sampled actions, where out-of-bound cases
are inherently rare; in contrast, ERC extends be-
yond this local constraint to incorporate a global
distributional signal via entropy ratios, enabling it
to identify and prune a much larger set of token
updates that deviate from the trust region at the
distribution level.

Despite ERC’s substantially higher clipping ra-
tio, it consistently surpasses the PPO-clip base-
lines in both final performance and training sta-
bility. This seemingly counterintuitive outcome
reveals a key insight: ERC predominantly removes
noisy updates that would destabilize training. As
discussed in Section 5.2, most tokens clipped by
ERC cluster in low-entropy regions, indicating that
ERC suppresses overly deterministic and poten-
tially harmful updates while preserving the model’s
exploratory behavior elsewhere. This suggests that
the truly beneficial training signal in RL is often
sparse, a principle also reflected in methods such
as GSPO (Zheng et al., 2025), where extensive
clipping leads to improved results. Both phenom-
ena reinforce the importance of selectively filtering
token-level updates during policy optimization.

5.4 The Broader Applicability of ERC

In our main experimental results, we compared
DAPO (Yu et al., 2025) with its ERC-augmented
variant (ERC-DAPO), demonstrating the effective-
ness of integrating ERC into the standard DAPO
framework. To further validate the broader appli-
cability of ERC, we additionally combined it with
the GPPO method (Su et al., 2025a).

It is important to highlight the conceptual differ-
ences between these two settings. DAPO employs
the standard PPO-clip mechanism, in which the
gradients of tokens whose importance ratios ex-
ceed the clipping bounds are completely discarded.
Under this regime, ERC primarily acts as a com-
plementary constraint, compensating for the fact
that PPO-clip only regulates locally sampled ac-
tions and therefore provides limited coverage over
the global policy distribution. In contrast, GPPO
does not rely on standard PPO-clip mechanism.
Even when the importance ratio lies outside the
clipping interval, GPPO still retains non-zero gra-
dients for those tokens. In this scenario, ERC
plays a more central role by serving as the pri-
mary stability constraint. Notably, ERC improves
performance in both regimes, whether paired with
PPO-clip (DAPO) or with a non-clipping method



Method AIME24 AIME2S HMMT25 MATHS500 AMC23 Olympiad Avg.
DS-R1-Distill-Qwen-7B 54.5 39.1 26.2 93.6 90.6 67.0 61.8
+ GPPO 57.3 46.5 24.0 94.7 92.0 69.9 64.1
+ ERC-GPPO 63.5 47.6 28.0 94.6 93.5 70.9 66.3

Table 3: Performance comparison of GPPO and its ERC variant on various mathematical reasoning benchmarks.
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Figure 6: Performance comparison of ERC and KL-
regularized methods with varying coefficients. All meth-
ods are trained on the DS-R1-Distill-Qwen-7B model.

(GPPO).

As shown in Table 3, incorporating ERC into
GPPO also yields consistent performance improve-
ments, providing strong evidence for the general
effectiveness of ERC across diverse RL algorithms.
These result indicate that ERC is not merely a sup-
plementary component to existing importance-ratio
clipping techniques, but also holds the potential to
function as an independent and robust constraint
mechanism for stabilizing policy optimization.

5.5 ERC vs. KL Regularization

To compare the performance of ERC with KL-
regularization methods, we conducted evalua-
tion on the AIME24 and AIME25 benchmarks.
As shown in Figure 6, ERC outperforms PPO-
penalty (i.e., the KL-regularized approach) on both
datasets.

Although both methods impose global con-
straints, their mechanisms differ fundamentally.
KL divergence enforces a pointwise constraint, re-
quiring the probability distributions of the old and
new policies to remain close for every individual ac-
tion. While this strict local regulation can stabilize
training, it inevitably limits effective policy explo-
ration, shrinking the update step sizes and making
it harder for the model to escape local optima and
reach higher-performing regions.

In contrast, ERC implements a distribution-level
soft constraint. Rather than directly restricting the
probability of each token, it monitors the evolution

of the overall policy distribution via the entropy ra-
tio. This mechanism selectively clips updates that
significantly deviate from the trust region while pre-
serving sufficient flexibility for exploration within
reasonable bounds. Consequently, ERC encour-
ages more efficient exploration while maintaining
training stability, enabling the model to converge
faster to superior performance.

6 Conclusion

Reinforcement learning for large language models
has long suffered from training instability, primar-
ily caused by trust-region deviation during opti-
mization. Although PPO-clip mitigates part of this
deviation, its fundamental limitation lies in only
constraining the probability changes of sampled
actions. Probability shifts among unsampled ac-
tions remain uncontrolled and can accumulate to
cause significant trust-region drift. To address this
issue, we propose using the entropy ratio between
the new and old policies as a global measure of
exploration change, and based on this, we design
the ERC method. ERC imposes a bidirectional
constraint on the global policy distribution, effec-
tively alleviating trust-region deviation and stabi-
lizing training. Experiments across multiple model
scales demonstrate that ERC consistently outper-
forms baseline methods. Further empirical analysis
shows that ERC not only suppresses trust-region
drift and significantly enhances training stability,
but also preserves the necessary exploratory behav-
ior of the policy, ultimately improving final model
performance.

Limitations

Although the proposed ERC method demonstrates
compelling results in mathematical reasoning tasks,
its generalization to other domains, such as code
generation or agent-based reinforcement learning,
remains an open question due to computational
constraints. We acknowledge that empirical vali-
dation across a broader range of domains would
strengthen the claims regarding the method’s uni-
versality. Therefore, extending ERC to these areas



constitutes an important direction for our future
work.
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Figure 7: Performance comparison of ERC with
entropy-regularized methods using different regulariza-
tion coefficients. All methods are trained on the DS-R1-
Distill-Qwen-1.5B model.

A Appendix

A.1 ERC vs. Entropy Regularization

To compare the performance of erc with entropy
regularization methods, we evaluated the method
that directly incorporates entropy penalty during
RL training on the aime24 and aime25 benchmarks.
As shown in Figure 7, ERC achieves significantly
better performance. This advantage stems from a
fundamental difference in how the two methods
stabilize training through entropy: while entropy
regularization can only mitigate unidirectional in-
stability, ERC’s bidirectional clipping mechanism
effectively addresses both directions of entropy
fluctuations during policy evolution.

Specifically, entropy regularization adds an en-
tropy term to the objective to encourage exploration
and prevent premature entropy collapse. How-
ever, it provides limited control in the opposite
scenario—entropy explosion—where the policy be-
comes excessively stochastic and exploration is no
longer guided. As a result, the stability it ensures
is inherently limited.

In contrast, ERC introduces entropy-ratio clip-
ping with both lower and upper bounds. The lower
bound prevents the policy from becoming overly
conservative and collapsing into low-entropy re-
gions, while the upper bound constrains overly ag-
gressive updates that could lead to entropy explo-
sion. This symmetric, bidirectional constraint en-
sures that the policy’s exploratory behavior evolves
smoothly within a reasonable and controllable
range, maintaining both stability and effective ex-
ploration.
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Figure 8: Performance comparison of ERC with the
sequence-level clipping method. All methods are
trained on the DS-R1-Distill-Qwen-7B model.

A.2 Comparison with Sequence-Level
Clipping

In this section, we compare ERC with a sequence-
level clipping method (Zheng et al., 2025). Fol-
lowing the optimal configuration of GSPO (Zheng
et al., 2025), we conducted experiments on DS-R1-
Distill-Qwen-7B, where the average clipping ratio
of tokens was approximately 15%. As shown in
Figure 8, we present the metric trends for AIME24
and AIME?2S during training. It can be observed
that ERC-DAPO consistently demonstrates a clear
advantage on both benchmarks. This indicates that
the token-level clipping approach, which combines
PPO-clip and ERC, still holds significant potential
compared to sequence-level clipping. Addition-
ally, it is worth noting that ERC and sequence-level
clipping are orthogonal and can be used simultane-
ously.



	Introduction
	Preliminary
	Proximal Policy Optimization
	PPO Variants

	Method
	Entropy Ratio
	Entropy Ratio Clip

	Experiment
	Experimental Setup
	Main Results

	Analysis
	ERC Enhances Trust Region Constraints
	Maintaining Exploration through ERC
	Clipping Ratio Analysis
	The Broader Applicability of ERC
	ERC vs. KL Regularization

	Conclusion
	Appendix
	ERC vs. Entropy Regularization
	Comparison with Sequence-Level Clipping


