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The goal of HeteroRL is to optimize the policy myp to maximize the expected cumulative
reward. To reduce gradient variance, an advantage function is used, leading to the objective:

7T(9k+ po (ylx)

e =

where 7 is a random variable. For online RL, 7 = 0.

e 7y, (short for ¢): the policy used by the sampler at time step k to generate rollout
trajectories.

e m,., (short for p): the latest policy at the learner at time step k + 7, used for
gradient updates.

e 7(> 0): policy staleness, representing the discrepancy in policy versions between
the sampler and the learner, caused by network delays and computational
asynchrony.
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Theorem 3 (Variance of GEPO). Let p(y|x) and q(y|x) be discrete probability distributions,
- and let A(y|z) be a bounded advantage function. Assume that on the support of interest,
|[A(y|z)] > Amin > 0, and define Amax = maxy |A(y|z)|. Then there exists a constant
2
Cadv = ——5 such that:
llall3
Theorem 2 (Bias of GEPO). Let x) and x) be discrete probability distributions p(ylz p(y|z
( ) p(ylz) : q(ylx) ’ P Y ot Var, | A(ylz) - (ylz) — Var, | A(ylz) - E(# >| A2, - exp (Dku(p]9)) |- Coae- (48)
and let A(y|x) be a bounded advantage function. The bias of GEPO can be bounded by lalls © q(ylz) gla(y|z)]
C
plylz) 22 In particular, when Dxi,(p|lq) > log(A;dv), it holds that
Bias(GEPO) = |E, [A(y|z)] — E, { " H A(y|T)” < lal (39) ” 3“1“ (o)
@ T
ald ail2 Var, {A(y|x) | } > Var, {A(y|x) L |
Ioll2 5 , q(ylz) Eqlg(ylo)]
where lall= denotes the L=-norm ratio of p and q.
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Figure 12: The Bias of GEPO and GSPO. Over 512 global training steps, Bias(GEPO)
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variance of 0.001.
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","dr_grpo","bnpo"]: # Token level

p / sampler_token_p

self.loss_type in ["grpo
coef_1 = learmner_token_

1| if
3l elif self.loss_type
4

= "gspo": # Sequence level
coef_1 = learner_seq_ / sampler_seq_
q P P q_P
\ellf self.loss_type == "gepo" # Group level

sampler_seq_p.detach() / (sampler_seq_p.sum().detach())

6 hat_q =
learner_seq_p / (hat_q * sampler_seq_p) .sum()

7 coef_1 =

Listing 1: Coefficient computation for different policy optimization methods

where A € RE*T is token-level advantages matrix, ® denotes Hadamard product, Qi =

a(y: | 2*,9%e), @ = From the perspective of gradient
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Method AMC2023 AIME2024 AIME2025 MATHS500 Average
Best Last Best Last Best Last Best Last Best Last
Qwen3-1.7B 25.6 - 1.6 - 3.9 - 4.7 - 21.5 -
Max Tolerable Delay 0 (Online RL)
BNPO 54.3 0.0 18.4 0.0 19.1 0.0 8.7 0.0 42.6 0.0
Dr.GRPO 53.4 14.3 19.1 1.6 18.8 2.0 78.6 35.9 425 13.5
GRPO 6.3 23.4 20.7 0.4 19.9 2.3 79.8 49.7  44.2 19.0
GSPO H4.1 27.8 23.8 3.1 20.7 4.3 79.9 62.1 44.6 24.3
GEPO (OurS) 56.9 56.9 219 16.4 20.3 14.1 80.4 78.1 44.9 41.4
Max Tolerable Delay 64 (Hetero RL)
BNPO 45.0 43.1 12.1 11.3 12.5 10.1 71.1 69.3 35.2 33.5
Dr.GRPO 418.4 48 .4 17.2 17.2 14.8 14.8 73.9 73.9 38.6 38.0
GRPO 46.6 46.6 19.1 14.5 14.8 14.8 74.9 74.9 38.9 37.7
GSPO 54.4 23.8 17.6 1.6 17.6 2.7 78.2 HhH.6  42.0 20.9
GEPO (OurS) 53.8 5H53.8 21.9 21.9 18.8 18.8 79.6 79.6 43.5 43.5
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#MVe Pengcheng Laboratory / Heterogeneous Large Model Research Team

GEPO: Groupr EXPECTATION PoLiCY OPTIMIZA-
TION FOR STABLE HETEROGENEOUS REINFORCE-

MENT LEARNING

Han Zhang? Ruibin Zheng*, Zexuan Yi, Zhuo Zhang, Hanyang Peng, Hui Wang, Zike
Yuan, Cai Ke, Shiwei Chen, Jiacheng Yang, Yangning Li, Xiang Li, Jiangyue Yan, Yaoqi
Liu, Liwen Jing, Jiayin Qi, Ruifeng Xu, Binxing Fang, Yue Yu'

¢) https://github.com/HanlardResearch /Hetero-RL.git

RL.qit

FiEHX
https://github.com/HanlardResearch/
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Hetero RL

Hetero RL: Heterogeneous Reinforc

Paper Arxiv 2508.17850

HeteroRL supports a growing family of advanced RL algorithms for LLM training

@ BNPO | EDr.GRPO | EEGEPO* | BEGMPO | EEGRPO | EGSPO | &

HeteroRL is a novel heterogeneous reinforcement learning framework designed fo
models (LLMs) in geographically distributed, resource-heterogeneous environm
generation and policy updates, making them fragile under real-world network late
these phases, enabling independent operation of sampler and learner nodes conn

At its core, HeteroRL introduces Group Expectation Policy Optimization (GEPO), an algorithm tha ile token- or
sequence-level importance weights with robust group-level expectation weights. This innovation exponentially reduces the va
of importance sampling under high policy divergence (caused by latency), ensuring stable training even with delays up to 1800
seconds. Experiments show GEPO achieves state-of-the-art performance and dramatically improved stability—reducing the best-to-

last performance gap by 85% compared to prior methods—making it ideal for decentralized, wide-area LLM fine-tuning.
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