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Abstract

Reinforcement learning (RL) has demonstrated
considerable promise in enhancing large lan-
guage models. However, its application to
Mixture-of-Experts (MoE) architectures is fre-
quently hindered by training instability, primar-
ily stemming from token-level misalignment in
expert assignments between current and behav-
ior policies. Existing approaches often oscillate
between overly coarse sequence-level impor-
tance sampling, which ignores token-specific
discrepancies, and restrictive expert-selection
constraints that suppress beneficial policy ex-
ploration. To bridge this gap, we propose
Expert Relative Policy Optimization (ERPO),
which introduces expert-level importance sam-
pling. By grouping tokens according to their
routing assignments, ERPO mitigates the high
variance of token-level importance sampling
while overcoming the token-agnostic limita-
tions of sequence-level methods. Furthermore,
ERPO leverages this expert-centric granular-
ity to introduce an Expert-Selection Entropy
Reward, which dynamically adjusts routing un-
certainty based on task-specific feedback. This
unique mechanism ensures a rigorous align-
ment between reward signals and policy up-
dates—a capability inherently unattainable by
traditional importance sampling methods. Ex-
perimental results demonstrate that ERPO sig-
nificantly outperforms strong baselines across
multiple reasoning tasks, highlighting the effi-
cacy of tailoring RL objectives to the structural
inductive biases of MoE models.

1 Introduction

Reinforcement learning algorithms such as PPO
(Schulman et al., 2017) and GRPO (Shao et al.,
2024) have shown considerable promise in enhanc-
ing large language models (LLMs), particularly
for complex reasoning tasks (OpenAI, 2024; Shao
et al., 2024; Cobbe et al., 2021; Jain et al., 2024).

* Corresponding authors: Jinpeng Li, Xiang Zhang.

These methods approximate on-policy training by
computing a token-level importance sampling (IS)
ratio, i.e., the probability ratio between the current
policy and the old policy. Despite their efficiency,
this introduces significant hurdles for Mixture-of-
Experts (MoE) architectures (Shazeer et al., 2017),
which suffer from severe training instability during
the RL training stage. This instability stems from
a fundamental structural misalignment: the expert
assignments of the router often diverge between the
old and new policies for the same input, resulting in
inconsistent computational graphs. Consequently,
token-level IS ratios become unreliable and exhibit
high variance, as they attempt to compare probabil-
ity distributions derived from structurally distinct
forward paths.

To mitigate these fluctuations and gradient mis-
alignment, GSPO (Zheng et al., 2025) employs
sequence-level importance sampling. By aggregat-
ing token-level likelihoods into a single sequence-
level IS ratio, it reduces sensitivity to routing varia-
tions of individual tokens. However, this stability
comes at the expense of representational granu-
larity: GSPO applies a uniform weight to all to-
kens within a response, implicitly treating them as
equally significant. This assumption overlooks the
inherent functional diversity and varying contribu-
tion of individual tokens, thereby discarding fine-
grained signals essential for nuanced optimization.
Other strategies, such as routing replay (Zheng
et al., 2025) and soft replay (Zhang et al., 2025a;
Zhao et al., 2025), stabilize training by either forc-
ing the new policy to reuse experts from the old
policy or penalizing routing shifts. While effective,
these methods introduce non-negligible memory
and communication overhead (Ma et al., 2025) and,
more fundamentally, risk suppressing the discovery
of superior expert selection strategies.

Considering these challenges, we propose Ex-
pert Relative Policy Optimization (ERPO), which
introduces two core innovations. First, we develop
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Expert-level Importance Sampling (ExpertIS). In-
stead of the coarse sequence-level IS or the high-
variance token-level IS, ExpertIS groups tokens by
their assigned experts during the forward pass and
computes a distinct IS ratio for each cluster. This
design is grounded in two key insights: (1) tokens
in reasoning trajectories naturally fall into func-
tionally distinct categories (Wang et al., 2025b,a;
Zhang et al., 2025d; Lv et al., 2024); and (2) experts
in MoE models specialize in processing semanti-
cally or functionally coherent clusters (Lv et al.,
2026). ExpertIS enables the model to harness the
stability of aggregated IS calculation while preserv-
ing the capacity to differentiate between distinct
token functions, thus addressing the limitation of
GSPO.

Building upon this framework, ERPO further
introduces an Expert-Selection Entropy Reward
to explicitly optimize the router’s strategy. This
further ensures the training stability of the MoE
model while simultaneously enhancing its perfor-
mance. The expert-selection entropy is computed
from the router’s output distribution, reflecting the
uncertainty in expert assignment per token. During
training, this entropy serves as a dynamic reward to
guide the router’s specialization: for high-reward
responses, ERPO reduces entropy to reinforce con-
fident expert selection; conversely, for low-reward
responses, it increases entropy to encourage ex-
ploration. This expert-targeted optimization is a
unique advantage of ERPO. ERPO ensures a granu-
larity alignment between the reward signal and the
policy update, allowing for more precise refinement
of the MoE’s internal routing logic.

We evaluate ERPO on state-of-the-art MoE
models across challenging mathematical reasoning
benchmarks. Experimental results demonstrate that
ERPO consistently outperforms competitive base-
lines, achieving superior accuracy and significantly
enhanced training stability. Our contributions are
summarized as follows:

• We propose ERPO algorithm, a new RL algo-
rithm tailored for MoE models that improves
training stability and reasoning performance.

• We introduce expert-level IS, which mitigates
the instability of token-level IS while preserv-
ing the ability to distinguish between func-
tional token groups, overcoming the limitation
of sequence-level IS methods.

• We design an expert-selection entropy reward,

which optimizes router decisions through a
fine-grained alignment between rewards and
policy updates.

2 Related Works

2.1 Reinforcement Learning for LLMs

Reinforcement Learning has proven effective in
post-training large language models (LLMs) to
enhance their reasoning abilities since the emer-
gence of DeepSeek R1 (DeepSeek-AI et al., 2025).
R1 employs Group Relative Policy Optimization
(GRPO) (Shao et al., 2024) for post-training, which
eliminates the expensive critic model in Proximal
Policy Optimization (Schulman et al., 2017), in-
stead estimating relative advantages within each
group. However, GRPO faces challenges such as
entropy collapse and a mismatch between token-
level IS ratio and sequence-level reward. To ad-
dress theses issues, the community develops vari-
ants of GRPO for broader use. DAPO (Yu et al.,
2025) introduces token-level policy gradient loss
to balance contributions across responses of differ-
ent lengths and clip higher to avoid entropy col-
lapse. Building on different token entropy patterns
in RL process, updating only a minority of tokens
with high entropy (Wang et al., 2025b) achieves
comparable performance with full gradient update.
GTPO and GRPO-S (Tan et al., 2025) propose a
dynamic entropy weighted reward design that pre-
cisely aligns with token-level and sequence-level
policy optimization perspectively, ensuring more
effective learning at both levels. GSPO (Zheng
et al., 2025) calculates IS ratio based on sequence
likelihood, which aligns well with the sequence-
level advantage and makes the training more ro-
bust to token-level fluctuations, particularly in MoE
models.

2.2 Stable RL for Mixture-of-Experts Models

Mixture-of-Experts (MoE) models (Shazeer et al.,
2017; Dai et al., 2024; Yang et al., 2025; OpenAI
et al., 2025; Lv et al., 2026) divide each dense
FFN layer into multiple expert blocks and sparsely
activate router-selected experts for each token.

MoE models exhibit well-documented training
instability when optimized with GRPO or PPO al-
gorithms. One of the core underlying reasons is
that GRPO adopts a token-level IS ratio, tokens
within the same sample may be processed by dif-
ferent experts under the updated policy model com-
pared with the old policy model, leading to a train-
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inference mismatch and an unstable IS ratio. One
intuitive solution is Routing Replay, first proposed
by (Zheng et al., 2025), which caches the activated
experts during the inference stage and replays rout-
ing patterns when calculating the IS ratio. Routing
replay only updates parameters of experts activated
by the old policy. Similarly, RSPO (Zhang et al.,
2025a), a softer variant of Routing Replay, miti-
gates training instability by adjusting the IS ratio
with a penalty based on the routing shift ratio. Ice-
Pop (Zhao et al., 2025) adopts a gradient-centric
perspective, applying a dual-clip mechanism to pre-
vent excessively large gradient updates for tokens
that exhibit sharp routing shifts. Notably, the afore-
mentioned methods overlook the potential value
of exploring alternative routing patterns. An alter-
native solution entails allowing routing patterns to
evolve dynamically while mitigating the fluctua-
tions caused by individual tokens. For instance,
GSPO (Zheng et al., 2025) computes the IS ra-
tio based on the more stable sequence-level likeli-
hood, rather than token-level log-likelihood, lever-
aging the inherent language modeling capabilities
of MoE models.

3 Preliminaries

Notation In this paper, we use πθ to denote lan-
guage models parameterized by θ. For a prompt
x sampled from a query set D, the model πθ gen-
erates a response y which is verified by a reward
function r(x, y). The likelihood of y is given by
πθ(y|x) = Π

|y|
t=1πθ(yt|x, y<t), where |y| is the

number of tokens in y.

3.1 Formulation of RL Algorithms

Group Relative Policy Optimization (GRPO)
(Shao et al., 2024) builds on the traditional PPO
(Schulman et al., 2017) by replacing an expensive
value model with group relative advantage estima-
tion and improves train efficiency. Specifically,
given an input x sampled from D, the old pol-
icy model πθold generates a group of G responses
{yi}Gi=1. GRPO calculates advantage within a
group and optimizes the following objective:

JGRPO(θ) = Ex∼D,{yi}Gi=1∼πθold (·|x)

[
1

G

G∑

i=1

1

|yi|

|yi|∑

t=1

min
(
wi,t(θ)Âi,t,

clip (wi,t, 1− ϵ, 1 + ϵ) Âi,t

)
]

(1)

where the IS ratio wi,t(θ) and advantage Âi,t for
the token at position t in response yi is defined as:

wi,t(θ) =
πθ(yi,t|x, yi,<t)

πθold(yi,t|x, yi,<t)
,

Âi,t = Âi =
r(x, yi)− mean({r(x, yi)}Gi=1)

std({r(x, yi)}Gi=1)
(2)

For efficiency in practical training, the batch size
used by πθold to generate responses during the infer-
ence stage is typically much larger than the mini-
batch used to update πθ during training (Sheng
et al., 2025). From a mathematical perspective, the
IS ratio wi,t estimates how likely a token would be
sampled by πθ, therefore wi,t(θ)Âi,t corresponds
to the expected advantage under πθ. In essence, the
IS ratio re-weights each token’s gradient so that the
update approximates training on samples generated
by the new policy.

Group Sequence Policy Optimization (GSPO)
(Zheng et al., 2025) calculates IS ratio based on
sequence likelihood and optimizes the following
objective:

JGSPO(θ) = Ex∼D,{yi}Gi=1∼πθold (·|x)
[
1

G

G∑

i=1

min
(
si(θ)Âi, clip (si(θ), 1− ϵ, 1 + ϵ) Âi

)
]

(3)

where the advantage Âi is the same as in Equation
2 and the sequence-level IS ratio si(θ) for yi is
defined as:

si(θ) =

(
πθ(yi|x)
πθold(yi|x)

) 1
|yi| (4)

The sequence-level IS ratio si(θ) estimates how
likely yi would be sampled from πθ and weights
token gradients within the sequence equally.

3.2 Formulation of MoE models

A Mixture-of-Experts (MoE) layer consists of a
router R and a set of experts {Expertj}Nj=1. For
each input token τ ∈ Rd, the router computes a gat-
ing distribution P (τ) over all experts, from which a
sparse subset of expert indices I(τ) is selected via
a top-K operation. The final output is then derived
as a weighted aggregation of the selected experts’
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outputs, formulated as follows:

P (τ) = Softmax(R(τ))

I(τ) = argtopK(P (τ))

Output(τ) =
∑

j∈I(τ)
Expertj(τ)P (τ)[j]

(5)

4 Method

A critical challenge of GRPO lies in that the token-
level IS ratio wi,t(θ) may fluctuate drastically, es-
pecially in MoE models. A single token τ in y,
which is generated by the old policy model πθold ,
may be processed by a distinct set of experts under
the updated policy model πθ, leading to the final
token log likelihoods deviating significantly from
those of πθold . Furthermore, GRPO suffers from
a structural mismatch between the token-level IS
ratio and the sequence-level reward.

In this section, we propose Expert Relative Pol-
icy Optimization (ERPO). Our primary goal is to
stabilize the IS ratio and align the granularity of
the optimization objective with the reward signal,
ultimately enhancing the MoE model’s overall per-
formance and training convergence. ERPO con-
sists of two critical parts: more stable Expert-level
Importance Sampling (ExpertIS, §4.1) and Expert-
Selection Entropy Reward (§4.2) which aligns the
granularity of ExpertIS with rewards while dynam-
ically adjusting expert-selection during training.

4.1 Expert-level Importance Sampling
(ExpertIS)

To mitigate the extreme token-level instability in
MoE models, ERPO employs expert-level IS which
shifts the focus from individual tokens to token
clusters based on expert selection, given that ex-
perts in MoE models naturally specialize in process-
ing tokens with similar latent characteristics (Lv
et al., 2026, 2025a; Wu et al., 2025).

In response yi, let X i
j denote the cluster of tokens

assigned to Expertj under πθ, and E i denote indices
of all activated experts. Therefore, for each token
τ in yi and j ∈ I(τ), we have τ ∈ X i

j and j ∈
E i. To obtain a expert-level log likelihood of the
corresponding token cluster, we compute the mean
log likelihoods over all tokens in X i

j :

T i
j (θ) =

1

|X i
j |




∑

τ∈X i
j

logπθ(τ |x, yi,<ts(τ))


 (6)

where ts(τ) denotes the position of τ in yi. When
computing T i

j (θ), the expert indices I(τ) are de-
tached from the computational graph.

ERPO computes the IS ratio based on the log
likelihood of token clusters T i

j (θ). The ExpertIS
ratio for tokens in X i

j is then defined as:

ei,j(θ) = exp
(
T i
j (θ)− T i

j (θold)
)

=

(∏
τ∈X i

j
πθ(τ |x, yi,<ts(τ))

) 1

|X i
j
|

(∏
τ∈X i

jold
πθold(τ |x, yi,<ts(τ))

) 1

|X i
jold

|

(7)

It is worth noting that ExpertIS is layer-agnostic:
for the expert blocks in each FFN layer, each ex-
pert independently computes its own IS ratio, and
the underlying computation procedure is identical
across all layers and experts. Accordingly, we omit
explicit layer notation in subsequent derivations
and, in line with the preliminaries section, reuse
the notation |E i| to denote the total number of ex-
perts activated in yi across all layers.

This mechanism offers two distinct advantages.
First, in MoE models, the ExpertIS ratio is more
stable than the token-level IS ratio employed in
GRPO, as it is agnostic to token-specific sampling
variability. Second, unlike GSPO which treats all
tokens within a sequence equally, ERPO distin-
guishes between different token clusters based on
their expert selection. By preserving these expert-
specific distinctions, ERPO provides a more effec-
tive and granular optimization signal that fully uti-
lizes the unique semantic characteristics captured
by experts.

4.2 Expert-Selection Entropy Reward

A unique advantage of ExpertIS is that it enables re-
ward exploration at the expert level. This is because
the expert-level reward granularity can inherently
align the reward signal with policy updates, a criti-
cal alignment that is absent in GRPO. To leverage
this advantage, we propose an Expert-Selection En-
tropy Reward, which further enhances post-trained
MoE models by explicitly optimizing the router’s
expert selection strategy, while preserving training
stability.

We first introduce expert-selection entropy H ,
which is defined as:

Hi,j =
1

|X i
j |

∑

τ∈X i
j

−P (τ)[j] · logP (τ)[j] (8)
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Hi,j measures the overall certainty of expert se-
lection across the cluster of tokens in X i

j , where a
lower entropy indicates that these tokens are more
decisively routed to Expertj . Specifically, when
a response yi yields a positive task reward Rtask,
the routing pattern should increase its certainty in
assigning the tokens in yi to their corresponding
experts. This consolidates the successful routing
pattern and is reflected by a reduction in Hi,j . Con-
versely, if Rtask is negative, the expert selection for
tokens in yi should be relaxed to encourage explo-
ration of alternative routing paths, thereby leading
to an intentional increase in Hi,j . Therefore, we
define Expert-Selection Entropy Reward Rent as
follows:

∆Hi,j = Hi,j −Hi,jold

σi = −sgn
(
Rtask,i − mean({Rtask,i}Gi=1))

)

Rent,i,j = σi ·∆Hi,j

(9)

where sgn(·) is the sign function.
The overall reward Ri,j for tokens in X i

j is then
calculated as a weighted combination of the task
reward and the expert-selection entropy reward:

Ri,j = (1− α)Rtask,i + αRent,i,j (10)

where α ∈ [0, 1] is a hyperparameter controlling
the strength of the entropy regularization.

4.3 Expert Relative Policy Optimization
(ERPO)

By integrating ExpertIS and expert-selection en-
tropy reward, the final optimization objective of
ERPO is formulated as:

JERPO(θ) = Ex∼D,{yi}Gi=1∼πθold (·|x)

[
1

G

G∑

i=1

1

|E i|
∑

j∈Ei

min(ei,j(θ)Âi,j ,

clip (ei,j(θ), 1− ϵ, 1 + ϵ) Âi,j)]

(11)

where Âi,j =
Ri,j−mean({Ri,j}Gi=1)

std({Ri,j}Gi=1)
is the advantage

estimation for Expertj .
The advantages of ERPO (the stability of Ex-

pertIS and the expert-level reward signal) can be
further elucidated by analyzing the gradient of the
ERPO objective function. For brevity, we omit
the gradient clipping mechanism and define E[·] as
the expectation over inputs x sampled from D and

responses {yi}Gi=1 sampled from πθold(·|x)):

∇θJERPO(θ)

= ∇θE


 1

G

G∑

i=1

1

|E i|
∑

j∈Ei

ei,j(θ)Âi,j




= E


 1

G

G∑

i=1

1

|E i|
∑

j∈Ei

ei,j(θ)Âi,j∇θlogei,j(θ)




= E
[
1

G

G∑

i=1

1

|E i|
∑

j∈Ei

ei,j(θ)Âi,j
1

|X i
j |

∑

τ∈X i
j

∇θlogπθ(τ |x, yi,<ts(τ))

]

(12)
Unlike GSPO, which assigns a uniform weight
to the gradient of the log likelihoods of every to-
ken within a response, ERPO implements a more
granular credit assignment by differentiating to-
kens based on their expert selection. For any to-
ken τ in X i

j , its gradient contribution is scaled by:
ei,j(θ)Âi,j

1
|X i

j |
, which not only differentiates token

contributions based on the specific advantage Âi,j

but also ensures a more balanced gradient magni-
tude. The factor 1

|X i
j |

prevents "heavy-load" experts

from disproportionately dominating the parame-
ter updates simply due to high throughput. This
normalization effectively eliminates the bias intro-
duced by varying expert loads, ensuring that each
expert is treated as an equal functional unit whose
update magnitude is determined by its performance
quality rather than its token volume.

5 Experiments

5.1 Setup
Hyper-parameters We conduct experiments on
GPT-OSS-20B with 4 experts activated out of 16
(OpenAI et al., 2025) and Qwen3-30B-A3B with
8 activated experts out of 128 (Yang et al., 2025).
All experiments are carried out using the VeRL
framework (Sheng et al., 2025). We compare our
proposed method, ERPO, against strong baselines
including GRPO (Shao et al., 2024) and GSPO
(Zheng et al., 2025). For GPT-OSS-20B, we sam-
ple 4 responses per prompt and set the maximum
generation length to 4096 under the medium rea-
soning effort. The training batch size is set to 256
with a mini-batch size of 64, corresponding to 4
updates per training batch. For Qwen3-30B-A3B,
we sample 8 responses per prompt with a maxi-
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Method AIME24 AIME25 MATH500 Minerva Olympiad Avg.
GPT-OSS-20B

Base 44.30 40.00 85.60 18.38 37.50 45.24
GRPO 50.41 42.49 86.40 19.12 38.54 47.35
GSPO 49.79 42.71 87.20 19.49 37.95 47.43
ERPO w/o Rent 49.17 43.13 87.40 20.59 38.99 47.86
ERPO w. Rent-abs 48.33 45.00 86.40 18.75 30.14 47.52
ERPO 51.04 46.25 87.00 19.49 39.14 48.58

Qwen3-30B-A3B
Base 63.96 48.13 89.00 34.93 41.10 55.42
GRPO 72.50 61.67 90.02 34.19 44.07 60.53
GSPO 73.96 61.25 90.80 35.66 43.47 61.03
ERPO w/o Rent 76.04 61.67 91.40 36.03 45.55 62.14
ERPO w. Rent-abs 74.17 60.00 90.80 36.76 45.25 61.40
ERPO 73.96 63.75 92.20 35.66 45.70 62.25

Table 1: Main evaluation results. For each method, we report the highest average performance across five
tasks. Results in bold denote the best performance on each task. Note that Rent is a tailored expert-level reward;
accordingly, ablation of Rent or Rent-abs is not applicable to GSPO and GRPO.
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Figure 1: Average validation score throughout training across different models.

mum generation length of 14336 under the think-
ing mode. The training batch size is set to 128
with a mini-batch size of 32, also resulting in 4
updates per training batch. For GRPO and ERPO,
we set the clip ratios to ϵlow = 0.2 and adopt the
Clip Higher strategy in DAPO (Yu et al., 2025)
and set ϵhigh = 0.28. For GSPO, we adopt the rec-
ommended settings from the GSPO paper, using
ϵlow = 3× 10−4 and ϵhigh = 4× 10−4. We set the
reward weighting coefficient α in ERPO to 0.2.

Task and Datasets We use the DeepScaleR
dataset (Luo et al., 2025) for training, which con-
tains approximately 40,000 mathematical prompts
curated from AIME and AMC problems prior
to 2024. For evaluation, we adopt AIME24,
AIME25, MATH500 (Hendrycks et al.), Minerva
(Lewkowycz et al., 2022) and OlympiadBench
(Huang et al., 2024) as benchmark datasets. All

responses are evaluated using rule-based valida-
tion. For each problem in AIME, we sample 16
responses and report the Avg@16 metric. For
MATH500, Minerva and OlympiadBench, we sam-
ple a single response per problem and compute
the average score. During evaluation, we set the
temperature to 1 and the top-p value to 0.7.

5.2 Main Results

Table 1 summarizes the performance of ERPO and
competitive baselines across five comprehensive
mathematical benchmarks. ERPO outperforms
both GRPO and GSPO on mathematical tasks,
achieving the highest overall average performance.
The advantage of ERPO is particularly evident
on the challenging AIME25 benchmark, where it
makes substantial improvements on all baselines
by over 3 points on the GPT-OSS-20B model and
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by over 2 points on Qwen3-30B-A3B.
Figure 1 shows the average validation score

throughout the training process. ERPO consistently
exhibits the strongest performance across all bench-
marks. Notably, while GRPO and GSPO tend to
struggle with performance improvement or even ex-
perience degradation in the later stages of training,
ERPO maintains a steady upward trend. This sus-
tained improvement suggests that ERPO manages
to stabilize RL training for MoEs and continuously
enhance the model’s capabilities throughout the
entire training process.

5.3 Ablation Study

We conduct ablation studies on ERPO under two
distinct settings to evaluate the contributions of its
components:

• ERPO w/o Rent: The reward coefficient α
is set to 0, retaining only the ExpertIS ei,j(θ)
to assess the impact of removing the expert-
selection entropy reward entirely.

• ERPO w. Rent-abs: Eq. 9 is modified as:

Rent-abs,i,j = σi ·Hi,j ,

which verifies the effectiveness of our relative
entropy optimization.

Aside from these specific modifications, we main-
tain the same training recipe as used in the standard
ERPO configuration. The average score across the
five mathematical tasks are summarized in Table 1.

Removing the expert-selection entropy reward
(w/o Rent) results in a noticeable performance de-
cline compared to the full ERPO, though it still
outperforms the baselines. The performance gains
over baselines suggest that the ExpertIS ratio alone
is sufficient to substantially improve model perfor-
mance. However, the performance drop without
Rent by ERPO is particularly significant for GPT-
OSS-20B. This model exhibits relatively high se-
quence entropy during the initial training stages,
signaling lower confidence during generation as the
model explores alternative reasoning paths. These
results demonstrate that Rent manages to explic-
itly optimizes expert selection and thus effectively
guides the model toward more accurate and confi-
dent reasoning paths throughout the training.

Using Rent-abs leads to a performance decline
across both models compared to the full ERPO.
This confirms that optimizing the absolute entropy

0 50 100 150

4

3

2

1

0

-1

-2

Step

Mean NLL of Importance Sampling Ratio

GRPO

GSPO

ERPO

Figure 2: Mean negative log value of IS ratio during
training.

under the current policy πθ is insufficient for re-
fining expert selection. The shortfall likely stems
from the expert selection shift between the old and
new policies; since the old policy generates the
responses, ignoring its expert selection certainty
may lead to suboptimal performance. Therefore,
optimizing the relative change in expert-selection
entropy—rather than simply penalizing absolute
levels—provides a more effective signal for align-
ing and refining expert routing.

6 Method Analysis

Beyond showing effectiveness via downstream per-
formance, we present further evidence supporting
some key claims.

More Stable Importance Sampling Figure 2
shows the mean negative log value of the IS ra-
tio for each method. GRPO, with token-level IS,
fluctuates drastically from -2 to 4, which leads to
unstable training process. ERPO maintains a sta-
ble IS ratio during training, which further validates
the rationality of ExpertIS. This stability allows
ERPO to generate more reliable, lower-variance
optimization signals compared to the high-variance
updates of GRPO. Although GSPO also maintains
a stable IS ratio, it does so at the sequence level,
yielding only sparse and coarse-grained updates
that fail to capture functional diversity across to-
kens and thus limit optimization efficiency. Over-
all, ERPO achieves a decent trade-off: it retains the
fine-grained distinctions necessary for handling di-
verse token categories while providing the training
stability essential for effective RL.

Motivation Validation ERPO is motivated by
the observation that MoE models naturally catego-
rize tokens into functionally coherent clusters via
expert routing. To validate this foundation, we first
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Figure 3: Most experts process a high proportion of
identical tokens across policy updates, confirming that
token-cluster-based importance sampling and entropy
designs are mathematically well-founded. The heatmap
displays the consistency ratio of tokens assigned to each
expert from πθold to πθ. Clusters with fewer than 100
tokens are masked (white), as their small size relative to
the total input 70k tokens renders them uninformative
and biased.

demonstrate that token-expert assignments remain
highly consistent throughout training. We quan-
tify this consistency using a consistency ratio for
each expert, defined as the token overlap between
assignments from the old policy πθold and the cur-
rent policy πθ. As shown in Figure 3, most experts
process a high proportion of identical tokens across
policy updates. Although some experts in deeper
layers exhibit minor routing shifts—likely due to
load-balancing dynamics—the overall consistency
ratio remains consistently high. This stability con-
firms that expert-based token clusters provide a
reliable and stable basis for computing IS ratios.

Furthermore, this consistency is a necessary pre-
condition for the expert-selection entropy differ-
ence ∆H (Eq.9) to be a meaningful optimization
signal. That is, the entropy terms Hi,j and Hi,jold

must be computed on largely the same set of tokens
for their difference to validly indicate whether the
new policy has learned an improved routing distri-
bution. Without such assignment consistency, ∆H
would be mathematically groundless, as it would
compare entropies derived from incomparable to-
ken clusters.

It is crucial to note that the observed high con-
sistency in token-expert assignments does not im-
ply training stability is guaranteed. On the con-
trary, it is precisely the small proportion of tokens
that do change their expert assignments during pol-
icy updates that introduces significant variance as
shown in Figure 2. This phenomenon highlights
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Figure 4: Sequence entropy during training.

the key fragility of MoE models under RL fine-
tuning: even a limited degree of routing instability
can disproportionately degrade training stability,
underscoring the necessity of a method like ERPO,
which is designed to mitigate this sensitivity at the
expert level.

Sequence Entropy Analysis Figure 4 illustrates
the evolution of output entropy during RL training,
calculated as the average entropy of the model’s
final token distribution per sequence. The results
delineate a clear spectrum of behaviors: ERPO
without Rent and GSPO fail to reduce high initial
entropy, indicating insufficient policy refinement.
Conversely, ERPO with Rent-abs and GRPO suffer
from entropy collapse, leading to suboptimal out-
puts (Yu et al., 2025; Zhang et al., 2025b; Lv et al.,
2025b; Zhang et al., 2025c). In contrast, the full
ERPO framework avoids both extremes: it achieves
an initial controlled entropy reduction, followed
by a subsequent stable phase. Combined with the
downstream performance results in Table 1, this
balanced entropy pattern, neither collapsing to zero
nor remaining excessively high, appears to be con-
ducive to more effective and stable optimization.

7 Conclusion

In this paper, we propose ERPO, a novel RL algo-
rithm for MoE models that introduces expert-level
importance sampling and an expert-selection en-
tropy reward. By optimizing at the expert granular-
ity, ERPO strikes a critical balance between main-
taining exploration and stabilizing the training pro-
cess. We show that ERPO consistently surpasses
strong baselines like GRPO and GSPO across var-
ious math benchmarks. This work demonstrates
that leveraging expert-level structures is critical to
advancing the reasoning capabilities of MoEs.
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Limitations

During the forward passes of both the cur-
rent policy and the old policy, ERPO accesses
routing probabilities to categorize tokens into
expert-specific clusters and calculate correspond-
ing expert-selection entropy. While it avoids the
heavy overhead of caching historical routing pat-
terns as in Routing Replay that significantly inflates
storage and communication costs, it still introduces
additional computational overhead compared to
GRPO. Nonetheless, compared to methods like
Routing Replay, ERPO avoids caching old routing
patterns and replaying in the new policy.

Ethical Considerations

The research presented in this paper focuses on
improving stability and performance in reinforce-
ment learning for Mixture-of-Experts models. All
experiments were conducted using publicly avail-
able datasets for mathematical reasoning, which
do not contain sensitive personal information or
harmful content. As ERPO is a general-purpose
optimization algorithm, we do not foresee any di-
rect negative ethical impact or significant misuse
risks arising from this work.
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