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Entropy control has become an effective tool in reinforcement learning (RL) of large language models (LLMs),
helping balance exploration-exploitation trade-off during alignment process. Such RL paradigm is often con-
ducted on mixtures of heterogeneous tasks, which induce distinct entropy regimes under the same policy,
making global or token-level entropy regulation insufficient to corresponding heterogeneous needs of explo-
ration. This heterogeneity further makes GRPO-style normalized advantages induce an entropy-dependent
bias, making advantage signals across prompt groups statistically non-comparable. To address this issue, we
propose Group Entropy-Controlled Policy Optimization (GEPO), a lightweight extension to GRPO that uses
group entropy, estimated from existing grouped samples to perform entropy-conditioned asymmetric advantage
shaping. GEPO attenuates positive advantages in low-entropy groups to reduce over-exploitation, and negative
advantages in high-entropy groups to preserve exploration, with adaptive thresholds derived from historical
entropy statistics. Extensive experiments on two base models across thirteen benchmarks spanning mathe-
matics, physics, science, code generation, and instruction following show that GEPO consistently outperforms
GRPO and recent entropy-controlled methods, delivering balanced cross-task improvements while preserving
task-specific exploration levels throughout training.

Figure 1: Comparison of entropy control methods at different granularities. (a): Policy-level methods calculate
the entropy of policy over the current batch and unanimously apply it to regulate all responses; (b): Token-level
methods calculate the covariance of tokens over the current batch and individually apply it to regulate each
token; (c): GEPO calculate group entropy over the responses of each prompt and respectively regulate responses,
enabling task-specific exploration-exploitation trade-off across heterogeneous tasks.

1. Introduction

Reinforcement learning (RL) has recently emerged as an effective post-training paradigm for enhancing both
alignment and reasoning capabilities of Large Language Models (LLMs), yielding substantial improvements
across a wide range of downstream tasks [11, 12, 18, 21]. Nevertheless, balancing exploration and exploitation
remains a longstanding challenge in RL [2, 20], which becomes increasingly pronounced in LLM post-training
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due to the optimization over heterogeneous task mixtures. Specifically, modern LLM post-training is typically
performed on mixtures of diverse tasks, spanning instruction following, coding, writing, and mathematical
reasoning, which differ substantially in structure, solution diversity, and uncertainty of policy exploration.
Therefore, a central challenge in applying RL to multi-task mixtures is exploration-exploitation trade-off across
heterogeneous tasks.
Recent RL methods seek to balance exploration and exploitation through entropy-controlled mechanisms

operating either at the policy level (Figure 1(a)) [19, 26] or at the token level (Figure 1(b)) [5, 8]. However,
these approaches primarily treat entropy as a global indicator for sustaining stable RL training, overlooking the
optimization imbalance among heterogeneous tasks. Specifically, Group Relative Policy Optimization (GRPO),
one of the dominant algorithms in LLM RL, standardizes rewards within each prompt group to construct
relative advantages, implicitly treating the resulting advantage signals as unbiased across groups. Yet whether
this assumption remains valid when prompt groups exhibit substantially different levels of entropy, and how
such entropy heterogeneity affects joint multi-task optimization, remain largely under-explored in existing
entropy-controlled methods.
In this work, we make the first attempt to delve deep into this problem, and reveal that the group entropy

(i.e., the entropy calculated from the response groups of each task) indeed varies from their corresponding
task characteristics, which may implicitly induces a structural bias in GRPO’s normalized advantages, causing
the optimization of different tasks imbalanced. Based on this insight, we propose Group Entropy-Controlled
Policy Optimization (GEPO) (Figure 1(c)), a lightweight and model-agnostic extension to related group-based
policy optimization methods that performs entropy-conditioned asymmetric advantage shaping at the group
level. The key idea is to use group entropy as a diagnostic signal to identify and mitigate the optimization bias
induced by entropy heterogeneity. Specifically, GEPO attenuates positive advantages in low-entropy groups to
prevent over-exploitation that would further amplify the entropy gap, while attenuating negative advantages
in high-entropy groups to avoid prematurely suppressing exploration. This shaping is asymmetric because we
empirically find that low-entropy groups are more susceptible to aggressive intervention, which may trigger
length collapse, and therefore require milder attenuation than high-entropy groups. Furthermore, the entropy
boundaries for advantage shaping are adaptively derived from historical entropy statistics and smoothed with
exponential moving average, enabling automatic calibration across base models and training stages without
task-specific tuning.
Extensive experiments on Intern-S1-mini and Qwen3.5-9B across thirteen diverse benchmarks demonstrate

that GEPO consistently improves both average performance and inter-task balance, achieving state-of-the-art
results among GRPO and entropy-aware RL methods. Further analysis further shows that GEPO induces
more stable optimization trajectories, and consistently benefits tasks with diverse exploration states. Notably,
these gains are obtained with zero additional sampling cost and can be directly incorporated into existing
group-based policy optimization methods.

2. Method

2.1. Preliminary

Group Relative Policy Optimization (GRPO) ([18]) is a reinforcement learning (RL) optimization framework for
large language model (LLM) post-training that eliminates the need for a separate value function by estimating
advantages from grouped samples. Given a prompt 𝑥, GRPO samples 𝐾 responses {𝑦1, 𝑦2, . . . , 𝑦𝐾} from the
current policy 𝜋𝜃, obtains rewards {𝑟1, 𝑟2, . . . , 𝑟𝐾}, and computes normalized advantages:

𝐴𝑖 =
𝑟𝑖 −mean({𝑟𝑗}𝐾𝑗=1)

std({𝑟𝑗}𝐾𝑗=1)
, 𝑖 = 1, . . . ,𝐾. (1)

The GRPO objective maximizes the clipped surrogate:

ℒGRPO(𝜃) = E𝑥,{𝑦𝑖}

[︃
1

𝐾

𝐾∑︁
𝑖=1

1

𝑇𝑖

𝑇𝑖∑︁
𝑡=1

(min (𝜌𝑖,𝑡𝐴𝑖, clip(𝜌𝑖,𝑡, 1−𝜖, 1+𝜖)𝐴𝑖))

]︃
, (2)

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

is the importance sampling ratio, and 𝑇𝑖 is the length of response 𝑦𝑖.
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(a) group entropy by domain. (b) Normalized advantage distributions by domain.

Figure 2: Preliminary observations from the first GRPO rollout before any policy update (𝐾=16 responses
per prompt). (a) Domain-conditional distributions of group entropy. (b) Domain-conditional distributions of
GRPO-normalized advantages. Together, the panels show that semantic domains occupy different exploration
and credit-assignment regimes within the same training mixture.
2.2. Group Entropy and Optimization Dynamics

We define group entropy, a signal computed for each response group that reflects the current exploration state
of the policy for each task, and examine its empirical properties under GRPO’s grouped sampling procedure.
For a prompt 𝑥, we define the sequence-level entropy as

𝐻(𝜋𝜃(· | 𝑥)) = E𝑦∼𝜋𝜃(·|𝑥)[− log 𝜋𝜃(𝑦 | 𝑥)] = E𝑦∼𝜋𝜃(·|𝑥)

[︃
−

𝑇∑︁
𝑡=1

log 𝜋𝜃(𝑦𝑡 | 𝑦<𝑡, 𝑥)

]︃
, (3)

which directly characterizes the uncertainty of the policy on prompt 𝑥: low values indicate that 𝜋𝜃 concentrates
its probability on a narrow set of responses (potential over-exploitation), while high values indicate that 𝜋𝜃

spreads probability across diverse responses (active exploration, but potentially unstable optimization).
However, computing 𝐻(𝜋𝜃(·|𝑥)) exactly is intractable for LLMs with the large vocabulary size and response

length for reasoning tasks. The expectation form of Equation 3 admits a natural Monte Carlo estimator. In
GRPO, group responses {𝑦1, . . . , 𝑦𝐾} are sampled i.i.d. from 𝜋𝜃(·|𝑥) for each prompt 𝑥. Therefore, we can
define group entropy as an estimator of the group-based sequence-level entropy:

𝐻̂g(𝑥) = − 1

𝐾

𝐾∑︁
𝑖=1

𝑇𝑖∑︁
𝑡=1

log 𝜋𝜃(𝑦𝑖,𝑡 | 𝑦𝑖,<𝑡, 𝑥). (4)

As a standard Monte Carlo estimator, 𝐻̂g(𝑥) is an unbiased estimate of 𝐻(𝜋𝜃(· | 𝑥)), with variance decreasing
as 𝑂(𝐾−1). In practice, we normalize by the average response length to obtain the per-token group entropy
ℋg(𝑥) = 𝐻̂g(𝑥)/𝑇 , where 𝑇 = 1

𝐾

∑︀𝐾
𝑖=1 𝑇𝑖, to improve comparability across groups with different response

lengths.
We now present two empirical observations from the first rollout of GRPO training. Specifically, group

entropy is computed for each response group associated with a prompt, while semantic domains are used only
to aggregate and visualize these group-level quantities. These observations motivate the method design in
Section 2.3. Detailed experimental settings are in Section 3.1.
Observation 1: group entropy is heterogeneous across domains. Figure 2a shows the domain-conditional
distributions of group entropy. Under the same base policy, prompts from different domains occupy markedly
different entropy regimes: for example, physics prompts concentrate around ℋg ≈ 0.49, whereas general
knowledge prompts are centered near ℋg ≈ 0.81. Consequently, a single global entropy statistic cannot
adequately characterize the exploration states of all prompts in a multi-domain training mixture.
Observation 2: Domain-level entropy regimes coincide with distinct advantage profiles. Figure 2b shows
that domains occupying different group entropy regimes also exhibit markedly different normalized-advantage
distributions:
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• The low-entropy Physics domain (ℋ̄𝑔=0.49, accuracy 48%) produces a nearly symmetric bimodal advantage
distribution (skewness ≈ 0), with balanced positive and negative signals.

• The medium-entropy Math domain (ℋ̄𝑔=0.60, accuracy 39%) exhibits moderate right skew (≈ 0.75), with
more negative than positive advantages.

• The high-entropy Instruction Following domain (ℋ̄𝑔 = 0.78, accuracy 16%) yields extreme right skew
(skewness = 2.32, kurtosis = 4.84): the vast majority of responses cluster near a small negative advantage,
while the rare correct responses become extreme positive outliers.

The observed asymmetry is not caused by entropy alone, but arises mechanically from the lower group
accuracy that accompanies the high-entropy regime in this rollout. When group accuracy 𝑝 → 0, the zero-
mean constraint forces positive advantages to concentrate on rare correct responses with magnitude |𝐴+| =√︀
(1− 𝑝)/𝑝 ≫ 1, while negative advantages are diluted across the majority with |𝐴−| =

√︀
𝑝/(1− 𝑝) ≪ 1

(see Appendix A for the full derivation). Beyond this intra-group asymmetry, we analyze a more fundamental
inter-group issue: standard group normalization does not guarantee comparable advantage signals across
groups with different entropy levels.
To formalize this, let 𝜈𝑥 denote a reference measure over the response space𝒜𝑥 (e.g., the uniform distribution

over feasible responses), and define the reference reward cumulative distribution function (CDF) 𝐹 𝜈
𝑥 (𝑡) := 𝜈𝑥({𝑎 :

𝜇𝑥(𝑎) ≤ 𝑡}) and the policy-weighted reward CDF 𝐹𝜋
𝑥 (𝑡) := 𝜋𝑥({𝑎 : 𝜇𝑥(𝑎) ≤ 𝑡}), where 𝜇𝑥(𝑎) = E[𝑅 | 𝑥, 𝑎].

Proposition 2.1 (Entropy-Dependent Distribution Distortion). For any prompt 𝑥 with conditional policy entropy
𝐻(𝑥) = −

∑︀
𝑎 𝜋𝑥(𝑎) log 𝜋𝑥(𝑎) and response space of size 𝑁𝑥 = |𝒜𝑥|, the Kolmogorov distance between the

policy-weighted and reference reward distributions satisfies

sup
𝑡

|𝐹𝜋
𝑥 (𝑡)− 𝐹 𝜈

𝑥 (𝑡)| ≤ TV(𝜋𝑥, 𝜈𝑥) ≤
√︂

1

2
(log𝑁𝑥 −𝐻(𝑥)), (5)

where the second inequality holds when 𝜈𝑥 is the uniform distribution over 𝒜𝑥, following from Pinsker’s inequality
([22]) applied to KL(𝜋𝑥‖𝜈𝑥) = log𝑁𝑥 −𝐻(𝑥).

Proposition 2.1 shows that low policy entropy permits a larger worst-case deviation between the policy-
weighted and reference reward distributions. Thus, low-entropy prompts can be more sensitive to policy-induced
reweighting of the response space, although the bound does not imply that the maximal deviation is attained
for every prompt.
Proposition 2.2 (Structural Bias of Normalized Advantages). Let 𝑍𝜋

𝑥 (𝑎) = (𝜇𝑥(𝑎) −𝑚𝜋
𝑥)/𝜎

𝜋
𝑥 denote the

advantage under policy-weighted moments, and 𝑍𝜈
𝑥(𝑎) = (𝜇𝑥(𝑎)−𝑚𝜈

𝑥)/𝜎
𝜈
𝑥 the advantage under reference moments.

Assume |𝜇𝑥(𝑎)| ≤ 𝑀 and 𝜎𝜋
𝑥 , 𝜎

𝜈
𝑥 ≥ 𝜎0 > 0 for all 𝑥, 𝑎. Then there exists a constant 𝐶 = 𝐶(𝑀,𝜎0) > 0 such that

sup
𝑎∈𝒜𝑥

|𝑍𝜋
𝑥 (𝑎)− 𝑍𝜈

𝑥(𝑎)| ≤ 𝐶 TV(𝜋𝑥, 𝜈𝑥) ≤ 𝐶

√︂
1

2
(log𝑁𝑥 −𝐻(𝑥)). (6)

Proposition 2.2 further shows that per-group centering and scaling do not guarantee a common statistical
reference frame across prompts: the potential discrepancy between policy-weighted and reference-normalized
advantages remains entropy dependent.
Optimization consequences. The intra-group skewness (Observation 2) and inter-group structural bias
(Propositions 2.1–2.2) jointly create entropy-dependent optimization pressures that manifest at two levels:
Within each high-entropy group, the advantage asymmetry produces two concurrent pathologies. First,

diffuse and noisy suppression: incorrect responses receive small negative advantages spread over many diverse
reasoning paths, making the suppression signal unreliable and prone to prematurely penalizing exploratory
trajectories that may still contain useful partial reasoning. Second, inconsistent reinforcement: rare correct
responses receive large positive advantages, but different rollouts often surface different reasoning paths, so
the reinforcement signal does not accumulate coherently over training steps.

Across groups, the structural bias (Proposition 2.2) further compounds this imbalance: low-entropy groups,
whose advantages are most distorted relative to the true reward landscape, nonetheless produce the strongest
and most consistent gradient signals, while high-entropy groups—despite their advantages being closer to the
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reference frame—contribute weaker, noisier gradients. As a result, the batch-level optimization is systematically
dominated by the already-converging low-entropy tasks. This creates a self-reinforcing cycle: as low-entropy
groups improve, their accuracy rises and entropy drops further, widening the entropy gap and causing high-
entropy groups to receive diminishing effective learning signal—ultimately leading to persistent inter-task
imbalance.
This analysis motivates an entropy-conditioned intervention that rebalances the advantage signals across

entropy regimes, rather than treating all normalized advantage distributions identically.

2.3. Group Entropy-Controlled Policy Optimization

Consequently, we propose our group entropy-controlled policy optimization method. For a prompt 𝑥 with group
entropy ℋg(𝑥) and advantages {𝐴𝑖}𝐾𝑖=1, we define a group entropy-based coefficient to shape the advantage as

𝐴𝑖 = 𝜔(𝐴𝑖,ℋg)𝐴𝑖 =

⎧⎪⎨⎪⎩
𝛼low ·𝐴𝑖 if 𝐴𝑖 > 0 and ℋg(𝑥) < ℋ(𝑡)

low,

𝛼high ·𝐴𝑖 if 𝐴𝑖 < 0 and ℋg(𝑥) > ℋ(𝑡)
high,

𝐴𝑖 otherwise,
(7)

where 𝛼high, 𝛼low ∈ (0, 1) are the scaling coefficients, and ℋ(𝑡)
low and ℋ

(𝑡)
high denote the adaptive lower and upper

entropy thresholds at training step 𝑡 (defined in the following paragraph).
Compared with global policy entropy, Equation 7 offers several notable advantages. First, it is also task-

aware: even within the same domain, prompts may vary considerably in difficulty, and group entropy provides a
finer-grained characterization at the task level. Second, group entropy is naturally compatible with the grouped
sampling structure of GRPO, allowing it to be incorporated without introducing additional sampling procedures
or computational overhead beyond that already required by GRPO. Finally, by conditioning on group entropy,
the advantage shaping attenuates the structural bias characterized by Propositions 2.1–2.2: it attenuates the
over-exploitative signals from low-entropy groups that would otherwise drive premature convergence, and
prevents the diluted negative signals in high-entropy groups from suppressing exploration before the policy has
had a chance to discover correct reasoning paths, thereby promoting more balanced learning across entropy
regimes.
Asymmetric Advantage Shaping. We impose the constraint 𝛼high < 𝛼low based on the following empirical
observation: in the low-entropy regime, the model is already confident and the policy distribution is sharply
peaked. In this regime, we empirically find that aggressively penalizing negative advantages (which would
further increase entropy) may cause length collapse—a pathological behavior where the model dramatically
shortens its responses to reduce per-token uncertainty. By using a higher 𝛼low for positive advantage attenuation
in the low-entropy regime, we apply a gentler nudge that encourages exploration without triggering this
instability. This asymmetry reflects the difference in the fragility of the two entropy regimes.
Adaptive Entropy Thresholds. Fixed entropy thresholds are particularly brittle in multi-task LLM post-
training. The appropriate entropy range depends on the task mixture, the initialization policy, and the training
stage: different base models can exhibit substantially different entropy scales and controllability on the same
tasks, and the entropy distribution further shifts as the policy improves. Therefore, we define entropy thresholds
relative to the empirical group entropy distribution of the current batch. At step 𝑡, we compute the batch mean
𝜇
(𝑡)
𝐻 and standard deviation 𝜎(𝑡)

𝐻 of group entropy, and set

ℋ̂(𝑡)
low = 𝜇

(𝑡)
𝐻 − 𝛽low𝜎

(𝑡)
𝐻 , ℋ̂(𝑡)

high = 𝜇
(𝑡)
𝐻 + 𝛽high𝜎

(𝑡)
𝐻 . (8)

Here, 𝛽low and 𝛽high control the width of the lower and upper entropy margins, respectively. We then apply
exponential moving averages to obtain temporally stable thresholds:

ℋ(𝑡+1)
low = (1− 𝛾)ℋ(𝑡)

low + 𝛾ℋ̂(𝑡)
low, ℋ(𝑡+1)

high = (1− 𝛾)ℋ(𝑡)
high + 𝛾ℋ̂(𝑡)

high. (9)

The smoothing coefficient 𝛾 ∈ (0, 1) governs the trade-off between responsiveness and stability. This yields
a distribution-aware and temporally smooth entropy band that adapts to model-specific entropy scales and
changing exploration regimes.
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3. Experiments

3.1. Settings

We select Intern-S1-mini and Qwen3.5-9B as our base models. Intern-S1-mini is a lightweight open-source
multimodal reasoning model based on the same techniques as Intern-S1 [1], and Qwen3.5-9B is an open-source
text-based reasoning model. We use an in-house multimodal dataset in the training process. The dataset is
designed to cover diverse task categories and knowledge domains, including mathematics, instruction following,
engineering reasoning, physics, and chemistry. Our implementation is based on LMDeploy [6] and Xtuner
[7]. During rollouts, we set the temperature to 1 and sample 16 responses per prompt. Training follows an
off-policy RL setup with a batch size of 256 and a minibatch size of 32. For hyperparameter settings, the scaling
coefficients 𝛼high, 𝛼low are set as 0.2 and 0.5. The adaptive entropy thresholds coefficients 𝛽high, 𝛽low, and 𝛾 are
set as 0.3, 0.2 and 0.01.
For evaluation, we evaluate model performance on a diverse benchmark suite spanning mathematical

reasoning, scientific reasoning, code generation, instruction following, and multimodal understanding, including
GPQA [17], LiveCodeBench [13], IFBench [16], AIME2025, IMO-Bench-AnswerBench, CMPhysBench [25],
MMMU-Pro [27], MathVista [14], Physics [9], SFE [28], MicroVQA [3], and ChartQAPro [15]. This broad
evaluation suite enables us to assess both general reasoning ability and robustness across diverse domains, task
formats, and multimodal settings.
We compare our approach against GRPO, AEPO [19], Clip-Cov, and KL-Cov [8]. For Clip-Cov, and KL-Cov,

we use the same set of parameters as for Qwen2.5-7B from [8]. Besides, all other sampling and training
parameters are consistent with the GEPO implementation. To avoid the issues of token dropping, we clip the
importance sampling weight as proposed in CISPO [4], which are also implemented in baseline methods.

3.2. Main Results

In this section, we present a comprehensive analysis of GEPO on Intern-S1-mini and Qwen3.5-9B. All results are
derived from the best checkpoint of our method and baselines. We structure our analysis into three dimensions:
the performance across multiple benchmarks, the training stability, and the training dynamics of entropy.
Performance Across Multiple Benchmarks. As shown in Table 1, existing methods exhibit notable learning
imbalance across tasks. AEPO achieves strong improvements on mathematics but yields limited gains or even
underperformance on physics, instruction following, and scientific reasoning. This suggests that its optimization
pressure is disproportionately concentrated on certain task categories at the expense of others. Similarly, GRPO
shows moderate improvements on some tasks but limited or negative transfer on others, e.g., CMPhysBench
and MMLU-Pro. Clip-Cov and KL-Cov provide stronger coverage-aware regularization and improve several
individual benchmarks, but their gains remain uneven across task categories. On Intern-S1-mini, Clip-Cov
improves IMO-Bench and CMPhysBench, while KL-Cov further improves code generation and ChartQAPro.
However, both methods still underperform GEPO in average performance, achieving 51.5 and 51.8 compared
with GEPO’s 54.2, and show clear regressions on tasks such as Physics and SFE.
In contrast, GEPO achieves the best performance on 7 out of 13 benchmarks on Intern-S1-mini, spanning

mathematical reasoning, physics, instruction following, and scientific understanding. For example, GEPO
attains substantial gains on challenging reasoning benchmarks such as AIME25, IMO-Bench, and GPQA, while
simultaneously improving instruction following and scientific reasoning. GEPO maintains strong gains across
most benchmarks and delivers the best overall average, demonstrating that the group entropy mechanism
effectively balances optimization across heterogeneous tasks.
On Qwen3.5-9B, GEPO further demonstrates its generalization capability, achieving the highest average

score of 71.2. Clip-Cov is a particularly strong baseline on this model, obtaining the best results on AIME25,
Physics, and instruction following, and reaching an average score of 70.9; KL-Cov leads on MMLU-Pro and
ChartQAPro with an average score of 69.9. Nevertheless, GEPO matches or surpasses these coverage-based
baselines in overall performance and achieves the best results on IMO-Bench, CMPhysBench, MMMU-Pro,
SFE, and MicroVQA. In contrast, AEPO shows significant degradation on Qwen3.5-9B compared to GRPO, e.g.,
IFBench and LiveCodeBench, suggesting that its uniform entropy control is particularly fragile when transferred
to a base model with different entropy characteristics. GEPO’s adaptive thresholds automatically calibrate to
the new model’s entropy scale without any model-specific tuning, validating the model-agnostic design of the
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Table 1: Main results on thirteen benchmarks across baselines and our methods

MATH Physics Instruction
Following CodeAIME25 IMO-Bench MathVista Physics CMPhysBench

Intern-S1-mini 74.6 42.3 70.5 37.4 29.2 29.8 39.4
+ GRPO 75.7 45.5 70.0 37.8 28.0 34.3 38.9
+ AEPO 79.5 47.5 71.5 36.1 28.2 32.2 38.3
+ Clip-Cov 76.7 49.8 69.8 32.4 30.6 31.2 38.3
+ KL-Cov 76.4 49.8 71.2 32.6 31.2 33.5 40.0
+ GEPO (ours) 82.0 52.8 71.0 39.1 30.4 38.8 39.4
Qwen3.5-9B 82.5 58.5 85 51.0 35.8 62.2 57.7
+ GRPO 90.1 67.3 86.4 56.8 41.2 80.7 68.0
+ AEPO 84.2 63.8 85.3 53.2 41.5 68.0 60.6
+ Clip-Cov 91.9 69.3 85.5 59.0 42.9 81.3 64.0
+ KL-Cov 89.9 66.8 85.4 55.9 41.1 80.2 64.6
+ GEPO (ours) 91.4 69.5 84.9 58.8 43.2 80.7 67.4

Knowledge & Science Visual & Chart Avg.
MMLU-Pro GPQA MMMU-Pro SFE ChartQAPro MicroVQA

Intern-S1-mini 75.0 65.1 55.0 45.0 47.5 50.4 50.9
+ GRPO 74.3 64.3 55.7 44.7 48.5 51.8 51.5
+ AEPO 74.7 62.5 57.4 46.5 46.7 52.5 51.8
+ Clip-Cov 75.0 65.7 55.8 43.9 48.6 51.5 51.5
+ KL-Cov 75.1 64.7 55.8 42.8 49.7 50.8 51.8
+ GEPO (ours) 77.1 69.2 59.8 43.9 49.0 51.5 54.2

Qwen3.5-9B 81.6 81.9 70.1 53.1 63.4 62.9 65.0
+ GRPO 83.4 85.3 74.8 57.1 64.9 62.9 70.7
+ AEPO 82.5 81.6 70.9 55.2 64.0 61.4 67.1
+ Clip-Cov 83.3 85.0 76.3 57.7 62.9 63.1 70.9
+ KL-Cov 83.9 83.3 73.5 55.6 65.4 62.8 69.9
+ GEPO (ours) 83.1 83.7 76.6 60.3 62.4 64.1 71.2

adaptive entropy mechanism.
Training Stability. Beyond final performance, we examine the training dynamics through validation curves
(Figure 3). GEPO exhibits smooth and monotonically improving validation performance across both models
and all benchmarks, with notably less variance compared to the baselines.
On Intern-S1-mini (top row), GEPO shows a clear upward trend on all four benchmarks with minimal fluc-

tuation, whereas GRPO oscillates without clear improvement and AEPO suffers intermittent performance drops
(e.g., AIME25 around step 80, GPQA declining throughout training). The contrast is even more pronounced
on Qwen3.5-9B (bottom row): GRPO undergoes catastrophic performance collapse around step 170, with
AIME25 accuracy dropping from ∼85% to ∼40% and simultaneous degradation on GPQA, MMMU-Pro, and
MathVista. This collapse is symptomatic of unconstrained entropy dynamics under GRPO—without task-aware
regulation, the policy entropy can grow unboundedly (as shown in Figure 4), eventually leading to degenerate
outputs. AEPO avoids complete collapse but exhibits persistent oscillations and generally underperforms GEPO,
indicating that uniform entropy control is insufficient for heterogeneous task mixtures. Clip-Cov and KL-Cov
improve stability over unconstrained GRPO by introducing covaiance-aware constraints, but they still exhibit
task-dependent fluctuations and plateau earlier on several validation benchmarks. This suggests that controlling
covaiance between action probability and the change in logits alone does not fully resolve the instability caused
by heterogeneous task difficulty and task-specific exploration requirements. Besides, KL-Cov shows training
collapse on Qwen3,5-9B after 100 training steps, which is likely due to the fact that KL-Cov uses a fixed entropy
threshold for all tasks, which may not be suitable for all tasks. In contrast, GEPO maintains stable and steadily
improving performance throughout training on both models, demonstrating robustness against the training
instabilities that affect the baselines. The stability of GEPO can be attributed to its group entropy control with
adaptive thresholds: by independently regulating the exploration-exploitation balance for each prompt group,
GEPO prevents the runaway entropy dynamics that trigger catastrophic collapse while maintaining sufficient
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Figure 3: Typical validation curves during training process. For Intern-S1-mini and Qwen3.5-9B, GEPO
improves smoothly throughout training, whereas baselines exhibit larger oscillations or late-stage performance
collapse.

Figure 4: Policy entropy dynamics during training process of Intern-s1-mini. GEPO maintains a stable and
bounded entropy trajectory, whereas the baselines exhibit runaway entropy growth or persistent oscillations.
exploration to sustain learning progress across all tasks.
Training Dynamics of Entropy. We further analyze how entropy evolves during training to understand the
mechanism of GEPO. As shown in Figure 4, GEPO maintains the healthy policy entropy throughout training,
avoiding the premature entropy collapse that can lead to mode-seeking behavior and loss of generalization. In
contrast, GRPO suffers from runaway entropy growth, causing the model to produce degenerate and incoherent
reasoning outputs, while Clip-Cov and KL-Cov show similar patterns of instability, with high entropy due
to the lack of task-specific regulation. AEPO, while avoiding complete collapse, exhibits substantial entropy
oscillations throughout training, reflecting the instability of its uniform entropy control under heterogeneous
task distributions.
More importantly, the group entropy dynamics (Figure 5) reveal a key distinction between GEPO and AEPO.

AEPO, which applies a uniform entropy control signal, drives the entropy of different tasks toward a similar
convergence pattern, effectively imposing a one-size-fits-all exploration regime regardless of task characteristics.
GEPO, in contrast, preserves differentiated exploration levels across tasks: tasks requiring broader exploration
maintain relatively higher group entropy, while tasks with more deterministic solution patterns settle at lower
entropy levels. This heterogeneous entropy profile is consistent with the design of GEPO, which uses group

8
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Figure 5: Task entropy dynamics during training process of Intern-s1-mini. GEPO maintains stable, domain-
specific entropy regimes, while the baselines either destabilize or homogenize them.

Table 2: Ablation results on asymmetric advantage shaping and bidirectional entropy control with Intern-S1-
mini.

MATH Physics Instruction
Following CodeAIME25 IMO-Bench MathVista Physics CMPhysBench

GEPO 82.0 52.8 71.2 39.1 30.4 38.8 39.4
w/o low entropy control 79.1 48.3 73.1 34.3 32.2 34.2 36.0
w/o high entropy control 76.3 50.0 70.7 30.0 28.4 35.4 36.0
w/o asymmetric advantage shaping 79.4 49.8 73.4 33.4 31.2 35.3 36.0

Knowledge & Science Visual & Chart Avg.
MMLU-Pro GPQA MMMU-Pro SFE ChartQAPro MicroVQA

GEPO 77.1 69.2 55.8 43.9 49.0 51.5 54.2
w/o low entropy control 77.1 68.3 56.9 46.1 48.3 50.4 52.6
w/o high entropy control 74.6 64.5 56.0 46.3 47.9 50.5 51.3
w/o asymmetric advantage shaping 76.6 67.7 60.1 45.3 49.7 50.9 53.0

entropy as a prompt-level diagnostic rather than forcing a uniform entropy target across all tasks. This explains
why GEPO achieves balanced performance improvements across diverse tasks (Dimension 1) with stable training
dynamics (Dimension 2): the group entropy mechanism respects the inherent heterogeneity of multi-task
learning and provides task-specific regulation without explicit task annotations.
Ablation Study. To evaluate the effectiveness of asymmetric advantage shaping in GEPO, we conduct ablation
studies using Intern-S1-mini. As shown in Table 2, removing any component leads to performance degradation,
confirming that all components are essential. We observe that high entropy control contributes the most, as
without it the policy suffers from unconstrained entropy growth and loses exploitation capability on hard
reasoning tasks such as Physics and AIME25. Low entropy control prevents premature entropy collapse and
maintains exploration diversity, particularly benefiting IMO-Bench and instruction following. In addition,
asymmetric advantage shaping with 𝛼high < 𝛼low outperforms symmetrical Advantage Shaping, as applying a
gentler nudge.
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4. Related Work

Policy entropy has long been studied in reinforcement learning as a measure of action uncertainty and explo-
ration, with entropy regularization and maximum-entropy objectives serving as fundamental mechanisms for
encouraging exploration in stochastic policies [10]. More recently, entropy dynamics have attracted increas-
ing attention in the post-training of LLMs, where researchers investigate their relationship with exploration,
training stability, and reasoning performance [8]. Several studies have investigated the relationship between
entropy dynamics and reasoning performance, suggesting that entropy evolution is closely associated with
exploration behaviors, training stability, and the risk of premature convergence. From an empirical perspective,
[5] characterize the role of high-entropy regions in facilitating reflective behaviors, pivotal reasoning steps,
and exploration of alternative solution trajectories, while [8] analyze entropy collapse during RL training and
connect excessive entropy reduction with degraded reasoning performance. Beyond empirical observations,
[24] provide a theoretical analysis of entropy evolution under policy optimization and its impact on training
dynamics. Motivated by these findings, recent approaches have introduced explicit entropy regulation mech-
anisms to improve RL training stability and exploration efficiency. [26] propose entropy control strategies
to stabilize long-horizon RL optimization, while [23] preserve exploration diversity through global and local
diversity regularization. However, existing entropy-aware approaches primarily operate at the policy or token
level, treating entropy as a global or local property of the policy distribution. The impact of entropy variations
across sampled groups, and their interaction with group-wise optimization mechanisms such as GRPO, remains
largely unexplored.

5. Conclusion

We presented Group Entropy-Controlled Policy Optimization (GEPO) for robust multi-task reinforcement
learning of large language models. GEPO uses group entropy estimated from existing rollouts to perform
asymmetric advantage shaping, moderating reinforcement in low-entropy groups and suppression in high-
entropy groups through adaptive entropy boundaries. This design regulates exploration-exploitation trade-off
without explicit task annotations or additional sampling. Across two base models and thirteen benchmarks,
GEPO achieves the best average performance among the evaluated methods, exhibits stable optimization
trajectories, and delivers balanced improvements across diverse task categories. Our analysis further shows
that preserving differentiated exploration regimes is more effective than driving heterogeneous tasks toward a
uniform entropy pattern, establishing group entropy as a practical signal for scalable and stable multi-task RL
post-training.
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A. Advantage Asymmetry under Per-Group Normalization

We formalize how per-group normalization produces structurally different advantage distributions depending
on the group accuracy, and quantify the resulting signal concentration effect described in Section 2.2.

Setup. Consider a prompt group with 𝐾 responses and binary rewards 𝑟𝑖 ∈ {0, 1}, where 𝑛+ responses are
correct (𝑟𝑖 = 1) and 𝑛− = 𝐾 − 𝑛+ are incorrect (𝑟𝑖 = 0). (Since the normalized advantage 𝐴𝑖 = (𝑟𝑖 − 𝑟)/𝜎𝑟 is
invariant to affine transformations of the reward, this binary formulation applies without loss of generality
to any two-valued reward scheme, e.g., 𝑟𝑖 ∈ {−1,+1}.) The group accuracy is 𝑝 = 𝑛+/𝐾. GRPO’s per-group
normalization yields advantages:

𝐴𝑖 =
𝑟𝑖 − 𝑟

𝜎𝑟
, where 𝑟 = 𝑝, 𝜎𝑟 =

√︀
𝑝(1− 𝑝). (10)

Substituting, correct responses receive 𝐴+ = 1−𝑝√
𝑝(1−𝑝)

=
√︁

1−𝑝
𝑝 , and incorrect responses receive 𝐴− =

−𝑝√
𝑝(1−𝑝)

= −
√︁

𝑝
1−𝑝 .

Signal concentration. The total positive signal equals 𝑛+ · 𝐴+ = 𝐾
√︀
𝑝(1− 𝑝), which is symmetric and

equals the magnitude of the total negative signal 𝑛−·|𝐴−| by the zero-mean constraint. However, the per-response
signal magnitudes are asymmetric:

|𝐴+| =
√︂

1− 𝑝

𝑝
, |𝐴−| =

√︂
𝑝

1− 𝑝
. (11)

As 𝑝 → 0, |𝐴+| → ∞ while |𝐴−| → 0: the positive signal concentrates on a small number of correct responses,
whereas the negative signal is distributed across many incorrect responses with small per-response magnitude.
In our multi-task rollouts, such low-accuracy groups are empirically associated with higher group-entropy
regimes.

Skewness. The skewness of the advantage distribution in a single group with accuracy 𝑝 is:

skew(𝐴) =
1− 2𝑝√︀
𝑝(1− 𝑝)

. (12)

This is zero when 𝑝 = 0.5 (perfectly balanced), positive when 𝑝 < 0.5 (more incorrect than correct), and grows
without bound as 𝑝 → 0. For our observed task accuracies: Physics (𝑝 ≈ 0.48) yields skewness ≈ 0.08, Math
(𝑝 ≈ 0.39) yields ≈ 0.45, and Instruction Following (𝑝 ≈ 0.16) yields ≈ 1.86.

Remark: pooled vs. single-group skewness. Equation 12 gives the skewness for a single group with
accuracy exactly 𝑝. The empirical skewness values reported in Observation 2 of the main text (Physics ≈ 0,
Math ≈ 0.75, IF ≈ 2.32) are instead computed by pooling advantages across all groups of a given task. Since
different prompts within the same task have different accuracies 𝑝𝑗 , the pooled skewness equals 1

𝑁

∑︀
𝑗 skew(𝑝𝑗)

rather than skew(𝑝). Because skew(𝑝) = (1− 2𝑝)/
√︀

𝑝(1− 𝑝) is convex on (0, 0.5), Jensen’s inequality gives

1

𝑁

𝑁∑︁
𝑗=1

skew(𝑝𝑗) ≥ skew
⎛⎝ 1

𝑁

𝑁∑︁
𝑗=1

𝑝𝑗

⎞⎠ ,

with equality only when all groups share the same accuracy. This accounts for the quantitative gap between
the formula predictions and the empirical values, and implies that heterogeneous group accuracies amplify the
advantage asymmetry beyond what the single-group analysis predicts.

B. Structural Bias from Entropy Heterogeneity

This appendix provides the formal setup and complete proofs for Propositions 2.1 and 2.2 stated in the main
text, as well as a finite-sample error decomposition that clarifies the distinct sources of estimation error in
group-based advantage computation.
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B.1. Formal Setup

For a prompt 𝑥, let 𝒜𝑥 denote the finite response space induced by the vocabulary and maximum generation
length, with |𝒜𝑥| = 𝑁𝑥. We define

𝜋𝑥(𝑎) := 𝜋𝜃(𝑎 | 𝑥), 𝜇𝑥(𝑎) := E[𝑅 | 𝑥, 𝑎].

During training, group responses are sampled independently from the policy:

𝑎1, . . . , 𝑎𝐾
i.i.d.∼ 𝜋𝑥.

We introduce a reference measure 𝜈𝑥 over 𝒜𝑥. When explicitly stated, we take 𝜈𝑥(𝑎) = 1/𝑁𝑥. The
corresponding reward CDFs are

𝐹 𝜈
𝑥 (𝑡) := 𝜈𝑥({𝑎 : 𝜇𝑥(𝑎) ≤ 𝑡}), 𝐹𝜋

𝑥 (𝑡) := 𝜋𝑥({𝑎 : 𝜇𝑥(𝑎) ≤ 𝑡}).

We define two reward cumulative distribution functions:

• Reference reward CDF: 𝐹 𝜈
𝑥 (𝑡) := 𝜈𝑥({𝑎 : 𝜇𝑥(𝑎) ≤ 𝑡})

• Policy-weighted reward CDF: 𝐹𝜋
𝑥 (𝑡) := 𝜋𝑥({𝑎 : 𝜇𝑥(𝑎) ≤ 𝑡})

Standard group-based methods observe samples from 𝐹𝜋
𝑥 , not 𝐹 𝜈

𝑥 . The discrepancy between the two is governed
by how far the policy deviates from the reference measure.

B.2. Proof of Proposition 2.1 (Distribution Distortion Bound)

Theorem B.1 (Restatement). For any prompt 𝑥,

sup
𝑡

|𝐹𝜋
𝑥 (𝑡)− 𝐹 𝜈

𝑥 (𝑡)| ≤ TV(𝜋𝑥, 𝜈𝑥).

If 𝜈𝑥 is the uniform distribution over 𝒜𝑥, then

TV(𝜋𝑥, 𝜈𝑥) ≤
√︂

1

2
(log𝑁𝑥 −𝐻(𝑥)).

Proof. For any threshold 𝑡, define the level set 𝐵𝑡 := {𝑎 ∈ 𝒜𝑥 : 𝜇𝑥(𝑎) ≤ 𝑡}. Then

𝐹𝜋
𝑥 (𝑡)− 𝐹 𝜈

𝑥 (𝑡) = 𝜋𝑥(𝐵𝑡)− 𝜈𝑥(𝐵𝑡).

Taking the supremum over all 𝑡 (equivalently, over all level sets 𝐵𝑡):

sup
𝑡

|𝐹𝜋
𝑥 (𝑡)− 𝐹 𝜈

𝑥 (𝑡)| ≤ sup
𝐵⊆𝒜𝑥

|𝜋𝑥(𝐵)− 𝜈𝑥(𝐵)| = TV(𝜋𝑥, 𝜈𝑥).

The first inequality holds because level sets {𝐵𝑡} form a subset of all measurable sets.
For the second part, when 𝜈𝑥 is uniform:

KL(𝜋𝑥‖𝜈𝑥) =
∑︁
𝑎

𝜋𝑥(𝑎) log
𝜋𝑥(𝑎)

1/𝑁𝑥
=

∑︁
𝑎

𝜋𝑥(𝑎) log 𝜋𝑥(𝑎) + log𝑁𝑥 = log𝑁𝑥 −𝐻(𝑥).

Applying Pinsker’s inequality ([22]) TV(𝑃,𝑄) ≤
√︁

1
2KL(𝑃‖𝑄):

TV(𝜋𝑥, 𝜈𝑥) ≤
√︂

1

2
(log𝑁𝑥 −𝐻(𝑥)).
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B.3. Proof of Proposition 2.2 (Advantage Bias Bound)

Define the policy-weighted and reference moments:

𝑚𝜋
𝑥 := E𝜋𝑥

[𝜇𝑥(𝑎)], (𝜎𝜋
𝑥 )

2 := Var𝜋𝑥
(𝜇𝑥(𝑎)), 𝑚𝜈

𝑥 := E𝜈𝑥
[𝜇𝑥(𝑎)], (𝜎𝜈

𝑥)
2 := Var𝜈𝑥

(𝜇𝑥(𝑎)),

and the corresponding standardized advantages:

𝑍𝜋
𝑥 (𝑎) =

𝜇𝑥(𝑎)−𝑚𝜋
𝑥

𝜎𝜋
𝑥

, 𝑍𝜈
𝑥(𝑎) =

𝜇𝑥(𝑎)−𝑚𝜈
𝑥

𝜎𝜈
𝑥

.

Theorem B.2 (Restatement). Under the assumptions |𝜇𝑥(𝑎)| ≤ 𝑀 and 𝜎𝜋
𝑥 , 𝜎

𝜈
𝑥 ≥ 𝜎0 > 0, there exists 𝐶 =

𝐶(𝑀,𝜎0) > 0 such that
sup
𝑎∈𝒜𝑥

|𝑍𝜋
𝑥 (𝑎)− 𝑍𝜈

𝑥(𝑎)| ≤ 𝐶 TV(𝜋𝑥, 𝜈𝑥).

Proof. Step 1: Mean difference.

|𝑚𝜋
𝑥 −𝑚𝜈

𝑥| =

⃒⃒⃒⃒
⃒∑︁

𝑎

(𝜋𝑥(𝑎)− 𝜈𝑥(𝑎))𝜇𝑥(𝑎)

⃒⃒⃒⃒
⃒ ≤ 2𝑀 · TV(𝜋𝑥, 𝜈𝑥),

where we used∑︀𝑎 |𝑝(𝑎)− 𝑞(𝑎)| = 2TV(𝑝, 𝑞) and |𝜇𝑥(𝑎)| ≤ 𝑀 .
Step 2: Second moment difference. Let 𝑢𝜋

𝑥 := E𝜋𝑥 [𝜇𝑥(𝑎)
2] and 𝑢𝜈

𝑥 := E𝜈𝑥 [𝜇𝑥(𝑎)
2]. Similarly:

|𝑢𝜋
𝑥 − 𝑢𝜈

𝑥| ≤ 2𝑀2 · TV(𝜋𝑥, 𝜈𝑥).

Step 3: Variance difference. Since (𝜎𝜋
𝑥 )

2 = 𝑢𝜋
𝑥 − (𝑚𝜋

𝑥)
2 and (𝜎𝜈

𝑥)
2 = 𝑢𝜈

𝑥 − (𝑚𝜈
𝑥)

2:

|(𝜎𝜋
𝑥 )

2 − (𝜎𝜈
𝑥)

2| ≤ |𝑢𝜋
𝑥 − 𝑢𝜈

𝑥|+ |(𝑚𝜋
𝑥)

2 − (𝑚𝜈
𝑥)

2|
≤ 2𝑀2 · TV + |𝑚𝜋

𝑥 +𝑚𝜈
𝑥| · |𝑚𝜋

𝑥 −𝑚𝜈
𝑥|

≤ 2𝑀2 · TV + 2𝑀 · 2𝑀 · TV
= 6𝑀2 · TV(𝜋𝑥, 𝜈𝑥).

Using |𝑎2 − 𝑏2| = |𝑎− 𝑏||𝑎+ 𝑏| ≥ |𝑎− 𝑏| · 𝜎0 (since 𝜎𝜋
𝑥 + 𝜎𝜈

𝑥 ≥ 𝜎0):

|𝜎𝜋
𝑥 − 𝜎𝜈

𝑥| ≤
6𝑀2

𝜎0
· TV(𝜋𝑥, 𝜈𝑥) =: 𝐶1 · TV.

Step 4: Advantage difference. For any 𝑎 ∈ 𝒜𝑥:

|𝑍𝜋
𝑥 (𝑎)− 𝑍𝜈

𝑥(𝑎)| =
⃒⃒⃒⃒
𝜇𝑥(𝑎)−𝑚𝜋

𝑥

𝜎𝜋
𝑥

− 𝜇𝑥(𝑎)−𝑚𝜈
𝑥

𝜎𝜈
𝑥

⃒⃒⃒⃒
≤ |𝑚𝜋

𝑥 −𝑚𝜈
𝑥|

𝜎𝜋
𝑥

+ |𝜇𝑥(𝑎)−𝑚𝜈
𝑥| ·

⃒⃒⃒⃒
1

𝜎𝜋
𝑥

− 1

𝜎𝜈
𝑥

⃒⃒⃒⃒
≤ 2𝑀 · TV

𝜎0
+ 2𝑀 · |𝜎

𝜋
𝑥 − 𝜎𝜈

𝑥|
𝜎2
0

≤ 2𝑀

𝜎0
· TV +

2𝑀 · 𝐶1

𝜎2
0

· TV

=

(︂
2𝑀

𝜎0
+

12𝑀3

𝜎3
0

)︂
⏟  ⏞  

=:𝐶

·TV(𝜋𝑥, 𝜈𝑥).
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