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Abstract

The Mixture-of-Experts (MoE) architecture has emerged as
a promising paradigm for scaling large language models
(LLMs) by activating only a sparse subset of experts per in-
put. However, its massive parameter size remains a major
obstacle to efficient deployment. Existing pruning methods
often ignore two key aspects: the intricate structural depen-
dencies among experts and the heterogeneous importance of
different layers. To tackle these issues, we propose C-GNN-
PRUNE, a unified and structure-aware compression frame-
work tailored for MoE models. Our method introduces an
EntropyGuided Allocation Module that dynamically assigns
pruning budgets by leveraging expert activation entropy, en-
abling adaptive handling of inter-layer heterogeneity. To pre-
serve structural collaboration patterns, we construct an expert
interaction graph that fuses functional similarity and routing
behavior, and employ a GNN-Based Embedding Module to
learn structure-aware expert representations. These embed-
dings, along with co-activation patterns, are fed into a Com-
munity Detection Module to identify expert clusters for struc-
tured pruning. Finally, an Activation-Aware Selection Mod-
ule retains the most critical experts in each community, bal-
ancing sparsity and expressiveness. Experiments on multiple
open-source MoE models demonstrate that C-GNN-PRUNE
consistently outperforms prior methods under various prun-
ing ratios, achieving better trade-offs between compression
and accuracy. This framework provides a modular and effec-
tive solution for structure-preserving compression of large-
scale MoE models.

Introduction
The perfection of model compression lies not in aggressively
pruning everything possible, but in identifying the precise
point beyond which any further pruning impairs functional-
ity. – Inspired by Antoine de Saint-Exupéry

In recent years, in pursuit of superior performance, deep
learning models, especially large language models (LLMs),
have experienced exponential growth in scale (Devlin et al.
2019; Brown et al. 2020; Dubey et al. 2024). However,
this growth has resulted in prohibitively high training and
inference costs (Kaddour et al. 2023), prompting the re-
search community to explore more efficient architectures. In
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this context, the Mixture-of-Experts (MoE) architecture has
emerged as a widely adopted paradigm. By sparsely activat-
ing only a small subset of parameters for each input token,
it effectively scales model capacity while maintaining rela-
tively constant computation costs (Fedus, Zoph, and Shazeer
2022; Du et al. 2022).

Nevertheless, the success of MoE architectures introduces
a critical deployment paradox. Although computation is
sparse during inference, the full set of model parameters
must still reside in memory, leading to substantial mem-
ory overhead. As models continue to scale, for example,
Mixtral-8x7B (Jiang et al. 2024), DBRX, Snowflake Arctic,
DeepSeek-V2 Lite (Liu et al. 2024a), and Qwen1.5-MoE-
A2.7B (Team 2024), the number of experts increases dra-
matically (ranging from 8 to 128), exacerbating this mem-
ory bottleneck and making deployment on standard hard-
ware increasingly infeasible. Therefore, it is imperative to
prune pre-trained MoE models effectively in order to reduce
parameter counts (Guo et al. 2025a).

Existing pruning methods face two fundamental chal-
lenges when applied to MoE models. First, many methods
treat experts as isolated units, ignoring the complex struc-
tural characteristics inherent to MoE architectures. Recent
studies have shown that functional homogeneity (i.e., over-
lapping capabilities) often exists among experts within MoE
layers (Lin et al. 2024), and that redundancy increases in
deeper layers (Liu et al. 2024d; Xue et al. 2024). Ignor-
ing these structural properties leads to suboptimal prun-
ing and degradation of performance. Second, most methods
lack explicit modeling of the mechanisms for collaboration
among experts. While some works introduce load-balancing
losses (Fedus, Zoph, and Shazeer 2022; Zoph et al. 2022) to
reduce underutilization of experts, they do not model inter-
expert collaboration directly. The absence of coordination
limits the ability of the model to harness the full potential
of expert diversity, thereby constraining the effectiveness of
pruning.

We argue that the expert set in MoE models is not a flat list
but rather a complex and structured system, similar to graph-
structured data in domains such as social networks (Perozzi,
Al-Rfou, and Skiena 2014) or molecular graphs (Defferrard,
Bresson, and Vandergheynst 2016). In such graphs, nodes
often form communities, which are clusters with dense inter-
nal connections and sparse external links (Red et al. 2011).
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Exploiting such high-order structure has proven crucial in
graph neural networks (GNNs) (Ying et al. 2018), which
propagate messages over graph edges (Scarselli et al. 2008)
to capture and leverage complex relationships. Motivated by
this insight, we propose to model inter-expert relationships
as a graph and utilize the expressive power of GNNs to un-
cover and exploit latent collaboration patterns.

To address the challenges of compressing sparse MoE
models while preserving their structural and functional
characteristics, we propose C-GNN-PRUNE, a unified and
structure-aware pruning framework. Unlike existing meth-
ods that rely on heuristic or purely activation-based expert
selection, C-GNN-PRUNE explicitly models inter-expert
dependencies through graph representation and community
detection. It begins with an entropy-guided allocation strat-
egy that adaptively distributes pruning budgets across MoE
layers based on the distributional sensitivity of expert ac-
tivations. Subsequently, a two-stage graph neural network
(GNN) module is employed to construct and refine an ex-
pert interaction graph by integrating functional output simi-
larity and routing behavior. The learned structure-aware em-
beddings, combined with activation co-occurrence, enable a
principled community partitioning process that reveals func-
tionally redundant expert clusters. Finally, within each clus-
ter, critical experts are retained using activation-aware im-
portance scoring, effectively balancing sparsity and expres-
siveness.

Our main contributions are summarized as follows:

• Structure-aware reformulation of MoE pruning as
graph-based community detection. We propose a
novel pruning paradigm by modeling expert interactions
through a similarity graph that integrates functional out-
put similarity and routing divergence. This enables the
identification of structurally redundant experts via com-
munity detection, moving beyond traditional per-expert
scoring heuristics.

• Entropy-guided layer-wise pruning allocation for het-
erogeneous MoE layers. To address inter-layer func-
tional disparities, we design an entropy-based budget al-
location strategy that quantifies the structural sensitivity
of each layer using expert activation entropy, enabling
adaptive and globally balanced pruning under a total
sparsity constraint.

• GNN-based expert embedding learning for structure
refinement. We develop a two-stage graph neural net-
work (GNN) module to refine expert relationships by
learning structure-aware embeddings. This enhances the
modeling of higher-order inter-expert dependencies, pro-
viding a robust basis for downstream expert clustering
and pruning.

Related Work
MoE models have recently emerged as a crucial method for
scaling LLMs. The core idea is to activate only one or a
few experts in each MoE layer to improve computational
efficiency (Shazeer et al. 2017; Fedus, Zoph, and Shazeer
2022). In sparse MoE architectures, expert selection is con-
trolled by gating functions, with common mechanisms in-

cluding Top-K activation (Shazeer et al. 2017). Although
these mechanisms reduce computational cost, they often suf-
fer from load imbalance. To address this, prior studies have
introduced auxiliary losses to balance expert load (Fedus,
Zoph, and Shazeer 2022) or employed graph-based methods
to model collaboration between experts (Cai et al. 2025; Lin
et al. 2024).

As the parameter scale of MoE models grows, expert
pruning has become key to reducing model size. Early meth-
ods often rely on heuristic pruning based on gating statistics
(Zhang et al. 2024). Recent work emphasizes eliminating
task-irrelevant experts (Chen et al. 2022; Muzio, Sun, and
He 2024) or merging them to preserve knowledge (Liu et al.
2024b). However, these methods often assess experts inde-
pendently, which limits their ability to exploit redundancy
across collaborative structures spanning multiple layers (Lee
et al. 2024). Another line of work explores post-training
pruning and inference-time optimization to further reduce
memory and latency overheads (Lu et al. 2024).

To address this limitation, structure-aware pruning has
gained increasing attention. Some work has begun to tackle
structural redundancy by clustering functionally similar ex-
perts within and across layers before pruning (Guo et al.
2025b). Other studies utilize graph neural networks (GNNs)
to model collaboration. For example, GBLM-Pruner (Das,
Ma, and Shen 2023) and Pruner-Zero (Dong et al. 2024) in-
tegrate gradient information and graph structure to generate
pruning masks. Building upon these insights, we propose the
C-GNN-PRUNE framework, which constructs expert graphs
using expert output similarity and routing divergence, and
learns structure-aware embeddings through GNNs to enable
more reasonable expert partitioning and pruning.

It is worth noting that the redundancy levels of ex-
perts vary across MoE layers. A uniform pruning ratio of-
ten results in performance degradation. Wanda (Sun et al.
2024) evaluates neuron importance using activation multi-
plied by magnitude, applying uniform pruning. In contrast,
OWL (Yin et al. 2024) proposes a global constraint opti-
mization strategy to adjust pruning ratios across layers. In-
spired by these methods, we design an entropy-based layer
sensitivity metric to quantify expert activation entropy, and
accordingly allocate the global pruning budget adaptively
across MoE layers, thereby improving compression rates
while preserving model performance.

Methodology
The proposed C-GNN-PRUNE framework demonstrates a
structural pruning method for sparse MoE models, as illus-
trated in Figure 1. It starts with an entropy-based pruning al-
location to adaptively assign pruning ratios per layer. Then,
a graph neural network (GNN) learns structure-aware ex-
pert embeddings by integrating output similarity and rout-
ing behavior. These embeddings, combined with activation
co-occurrence, form a new similarity graph used for commu-
nity detection and clustering. Finally, activation-aware scor-
ing selects critical experts within each cluster for pruning.
This pipeline preserves functional diversity and structural
importance, achieving efficient compression with minimal
performance loss.
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Figure 1: The overall workflow of C-GNN-PRUNE for MoE compression. Input tokens are routed to Top-K experts in the
MoE (left), where expert activations are collected to compute entropy-based sensitivities for pruning rate allocation. An expert
interaction graph is constructed and refined by a GNN (right), generating embeddings that guide the clustering and pruning of
redundant experts (bottom center).

Entropy-Based Layer-wise Pruning Allocation
To determine the number of experts to retain in each MoE
layer, we introduce an entropy-based layer-wise pruning al-
location strategy. This allocation directly defines the num-
ber of expert clusters Kl for each layer, which will later
guide the structure-driven community partitioning and prun-
ing stages. The motivation is to prune less aggressively in
structurally important layers, as indicated by their activation
distribution entropy.

Let Nl denote the total number of experts in the l-th MoE
layer, and let p(l)i be the normalized activation frequency of
expert i in this layer. We define the structural sensitivity S(l)
as the normalized entropy of the expert activation distribu-
tion:

S(l) = Hl

logNl
, Hl = −

Nl∑
i=1

p
(l)
i log p

(l)
i . (1)

A higher entropy indicates more uniform expert usage across
samples, implying that the layer plays a more structurally
significant role in routing decisions. Such layers should be
pruned more conservatively to preserve model expressive-
ness.

To determine the pruning ratio τl for each layer under a
total pruning budget τ , where Ntotal =

∑
lNl is the total

number of experts across all MoE layers, we formulate the
following optimization problem:

min
{τl}

∑
l

((1− τl)− S(l))2 (2)

subject to
∑
l

τlNl = τNtotal. (3)

This objective minimizes the discrepancy between the ef-
fective retention ratio of each layer (1− τl) and its entropy-

based sensitivity score S(l), so that layers with higher acti-
vation entropy retain more experts, while less active layers
are pruned more aggressively, under the global pruning con-
straint.

We solve this constrained problem using projected gradi-
ent descent. At each iteration, we compute the partial deriva-
tive for each τl:

∂

∂τl
= −2 ((1− τl)− S(l)) , (4)

and update it as:

τl ← max

(
0, τl − η ·

∂

∂τl

)
, (5)

where η denotes the learning rate.
To ensure the global constraint is satisfied, we normalize

all τl values after each update step:

τl ← τl ·
τNtotal∑

j τjNj
. (6)

After convergence, we discretize the pruning counts by
rounding τlNl to the nearest integers and correct any resid-
ual budget mismatch by adjusting layers with the smallest
rounding errors. The resulting number of retained experts in
each layer is then used as the target number of expert clusters
in the subsequent community partitioning procedure.

This entropy-guided strategy enables globally balanced
pruning decisions that account for layer-wise functional di-
versity, ensuring more informed and adaptive model com-
pression.

GNN-Based Expert Graph Modeling and
Refinement
To effectively model the complex inter-expert relationships
beyond conventional statistical metrics, we introduce a two-
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stage framework that constructs and refines an expert graph,
enabling the learning of structure-aware embeddings.

Stage 1: Initial Expert Graph Construction We model
the expert set as an undirected graph G = (V, E), where
each node vi ∈ V corresponds to an expert fi, and each
edge (vi, vj) ∈ E encodes the pairwise similarity between
experts. The edge weights are represented by a weighted ad-
jacency matrix A(0) ∈ RN×N , which integrates functional
similarity and routing divergence:

A
(0)
ij = ω · simoutput(fi, fj) + (1− ω) · simrouting(fi, fj),

(7)
where simoutput(·, ·) combines weighted cosine similarity
and inverse distance of expert outputs, and simrouting(·, ·)
quantifies routing probability overlap. The hyperparameter
ω ∈ [0, 1] controls the weight allocation between the two
similarity measures and is empirically set through ablation
studies, with the final value set to 0.3.

Stage 2: Structure-Aware Expert Embedding Learning
We employ a graph autoencoder with a two-layer Graph
Convolutional Network (GCN) encoder:

H(1) = ReLU
(
GCNConv(X,A(0))

)
, (8)

Z = GCNConv(H(1),A(0)). (9)
where the node feature matrix X encodes statistical descrip-
tors (mean and variance) of expert outputs. The decoder,
composed of a two-layer MLP, reconstructs the adjacency
matrix:

Â = σ
(
MLP(Z) ·MLP(Z)⊤

)
, (10)

and the learning objective minimizes the reconstruction er-
ror:

Lrecon =
∥∥∥Â−A(0)

∥∥∥2
F
. (11)

This objective enforces the embedding to preserve original
expert similarities while capturing higher-order structural
dependencies.

By explicitly decoupling graph construction from embed-
ding learning, our method integrates both functional output
similarity and routing-based relations, utilizing neighbor-
hood aggregation mechanisms in GNNs to uncover latent
and complex dependencies. Compared to traditional statis-
tical descriptors, the learned embeddings exhibit enhanced
discriminative capability and serve as a robust foundation
for downstream tasks such as expert clustering, redundancy
removal, and MoE pruning.

Structure-Driven Expert Community Partitioning
To identify functionally similar experts and enable struc-
tured pruning, we partition the expert graph into disjoint
clusters based on both structural embeddings and activation
co-occurrence. Each resulting cluster represents a group of
experts that are likely redundant or interchangeable, and will
serve as the basic unit for subsequent pruning decisions.

Let Z = [z1, z2, . . . , zN ]⊤ ∈ RN×d denote the structure-
aware embeddings of N experts, and let G ∈ {0, 1}|D|×N

be the binary activation matrix, where Gxi = 1 if expert i is
activated for input x ∈ D.

We define the similarity between experts i and j as:

Sij = cos(zi, zj) ·
∑

x∈D I(gi(x) = 1 ∧ gj(x) = 1)√
AiAj

, (12)

where Ai =
∑

x∈D gi(x) is the activation frequency of ex-
pert i. The first term captures structural similarity, while the
second measures co-activation correlation.

The expert graph G = (V, E) is then constructed from
the similarity matrix S. We apply the Girvan–Newman algo-
rithm to detect community structures via edge betweenness
centrality:

ψ(e) =
∑
s<t

σst(e)

σst
, (13)

where σst is the total number of shortest paths between
nodes s and t, and σst(e) counts how many of those paths
pass through edge e.

Edges with the highest ψ(e) values are iteratively re-
moved:

e∗k = arg max
e∈E(k−1)

ψ(e), (14)

G(k) = G(k−1) \ {e∗k}, (15)

C(k) = ConnectedComponents(G(k)). (16)

This process continues until a predefined number of clus-
ters is reached:

|C(k)| ≥ K and ∀C ∈ C(k), |C| > 1, (17)

whereK is the number of clusters for the current MoE layer.
Importantly, the value ofK for each layer is not manually

set. Instead, it is derived from the layer-wise pruning allo-
cation strategy described previously, where the number of
clusters equals the number of experts to retain in that layer.
This ensures that the granularity of community partitioning
aligns precisely with the global pruning objective, and that
structurally important layers retain more expert clusters.

Activation-Aware Expert Selection
For each community Ck obtained from the partitioning step,
we evaluate the importance of an expert i ∈ Ck based on its
cumulative activation frequency during training:

imp(i) =
∑
x∈D

gi(x), (18)

where gi(x) is a binary indicator representing whether ex-
pert i was selected for routing on input x.

Experts within each community are ranked by their im-
portance scores, and the most frequently activated ones are
retained as the final expert set.

Efficiency Analysis
The pruning process is conducted once offline and completes
within several minutes on a single A100 GPU. By reduc-
ing the number of experts in each layer, the pruned model
requires less memory and achieves more efficient computa-
tion during inference, facilitating faster and more resource-
friendly deployment in practical settings.
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Model Method MMLU GSM8K HumanEval Average
Computer Science Math Business

Base 53.00 32.21 49.54 30.94 32.30 31.83
Random 19.00 12.32 17.53 0.057 0 0.02

DeepSeek-V2-Lite Seer Prune 29.00 26.54 30.09 2.06 0 0.69
Group&Merge 33.50 24.65 31.64 3.96 1.20 2.58
C-PRUNE 51.50 33.56 48.16 26.45 18.90 21.78
C-GNN-PRUNE (Ours) 50.10 31.35 49.73 28.13 23.20 24.84
Base 47.68 34.03 52.45 53.58 49.40 50.99
Random 14.50 13.81 11.04 10.44 12.90 11.79

Qwen1.5-MoE-A2.7B Seer Prune 29.00 25.54 15.10 15.32 26.20 22.24
Group&Merge 35.50 19.61 40.93 25.38 28.00 31.44
C-PRUNE 48.00 31.98 40.15 39.40 32.90 37.65
C-GNN-PRUNE (Ours) 50.50 35.68 45.69 43.54 43.30 43.38

Table 1: Evaluation results of pruning methods on downstream tasks. Results are reported on MMLU (Computer Science, Math,
Business), GSM8K, HumanEval, and their averaged performance.

Method Pruning Rate ARC-e BoolQ Hella MMLU OBQA RTE Wino Average
None 0 84.01 85.35 64.88 67.88 35.00 70.40 75.93 69.06
Random 78.49 81.99 59.02 60.77 33.40 66.79 75.85 65.19
Frequency 78.83 77.03 59.38 55.18 33.60 57.40 75.69 62.44
EEMoE 0.25 81.94 83.64 61.60 58.72 33.00 67.87 75.37 66.02
STUN 81.82 83.09 60.84 63.34 31.60 68.59 72.69 66.00
C-GNN-PRUNE (Ours) 80.47 84.49 61.19 61.40 32.60 69.31 74.74 66.31
Random 68.35 78.59 53.32 49.23 29.20 62.82 69.93 58.78
Frequency 73.61 76.97 54.01 41.48 26.20 57.04 73.48 57.54
Wanda 0.5 74.16 76.64 53.16 52.21 27.00 63.90 70.96 59.72
EEMoE 78.16 81.35 57.66 47.30 29.00 61.37 72.85 61.10
C-GNN-PRUNE (Ours) 80.03 83.73 56.16 49.76 28.60 66.79 72.37 62.49

Table 2: Evaluation results of different pruning methods on Mixtral 8x7B across seven benchmarks: ARC-e, BoolQ, HellaSwag,
MMLU, OBQA, RTE, and WinoGrande. None denotes the unpruned model. Due to availability constraints in prior work, some
baselines only report results for one pruning ratio; thus, we present 25% and 50% settings in separate blocks for clarity.

Experiments

Experiment Setting

Model and Computational Setup: Our experiments are
based on three state-of-the-art MoE models: DeepSeek-V2-
Lite (Liu et al. 2024a), Qwen1.5-MoE-A2.7B (Team 2024),
and Mixtral 8x7B (Jiang et al. 2024). These models repre-
sent diverse architectural designs and parameter scales, al-
lowing us to thoroughly validate the generality and robust-
ness of our method. The original unpruned models serve as
the baseline reference for all comparative experiments.

Datasets and Evaluation Protocols:We evaluate the pro-
posed method on a variety of benchmarks.

For DeepSeek-V2-Lite and Qwen1.5-MoE-A2.7B, we
use selected subsets of MMLU (Wang et al. 2024),
GSM8K (Cobbe et al. 2021), and HumanEval (Liu et al.
2023, 2024c).

For Mixtral 8×7B, we adopt the standardized EleutherAI
LM Harness framework (Gao et al. 2024) for evaluation.
The included benchmarks are ARC-e (Clark et al. 2018),
BoolQ (Mihaylov et al. 2018), HellaSwag (Zellers et al.
2019), MMLU (Hendrycks et al. 2020), OBQA (Mihaylov
et al. 2018), RTE (Wang et al. 2018), and WinoGrande (Sak-
aguchi et al. 2021).

Evaluation on Lightweight MoE Models
To assess the effectiveness of our proposed C-GNN-PRUNE
method in practical pruning scenarios, we first conduct
evaluations on two representative lightweight MoE mod-
els: DeepSeek-V2-Lite (15.7B) and Qwen1.5-MoE-A2.7B
(14.3B). As summarized in Table 1, we compare our method
against several established baselines under a uniform prun-
ing rate of 20%, including Random, Group&Merge (Guo
et al. 2025a), Seer Prune (Muzio, Sun, and He 2024), and C-
PRUNE (Guo et al. 2025a).Bold numbers indicate the best
performance in each group (this applies throughout).

For DeepSeek-V2-Lite, C-GNN-PRUNE achieves the
highest scores on three key tasks: Business (49.73), GSM8K
(28.13), and HumanEval (23.20). Although its performance
on the Computer Science (50.10) and Math (31.35) subsets
of MMLU is slightly lower than that of C-PRUNE, the dif-
ferences remain small. Overall, C-GNN-PRUNE attains an
average score of 24.84, outperforming all other methods un-
der the same pruning ratio.

On Qwen1.5-MoE-A2.7B, C-GNN-PRUNE consistently
outperforms all baselines across most benchmarks. It
achieves the best scores on Mathematics (35.68), Business
(45.69), GSM8K (43.54), and HumanEval (43.30), leading
to the highest overall average score of 43.38. Compared to
C-PRUNE, the improvements are substantial, particularly in

22980



reasoning-heavy tasks such as GSM8K and HumanEval.
Taken together, these results demonstrate that C-GNN-

PRUNE delivers competitive or superior performance across
a range of tasks. Even in cases where its performance on a
specific benchmark is not the best, the method compensates
with stronger results on other tasks, leading to the highest
overall scores. This indicates that C-GNN-PRUNE is a ro-
bust and generalizable pruning strategy capable of maintain-
ing model utility across diverse evaluation metrics.

Evaluation on Large-Scale MoE Model
We further evaluate C-GNN-PRUNE on the large-scale Mix-
tral 8×7B model. Results under 25% and 50% pruning rates
are reported in Table 2, alongside several baselines including
Random, Frequency, Wanda (Sun et al. 2024), STUN (Lee
et al. 2024), and EEMoE(Lu et al. 2024).

Under the 25% pruning rate, C-GNN-PRUNE achieves
the best results on multiple tasks such as BoolQ, RTE,
and OBQA. It performs slightly worse than EEMoE on
ARC-e and HellaSwag, with marginal differences (within
1.5 points). On MMLU and WinoGrande, all methods yield
comparable results. These findings demonstrate that while
C-GNN-PRUNE may not dominate every individual task, it
consistently maintains competitive performance without sig-
nificant degradation.

At the 50% pruning rate, the superiority of C-GNN-
PRUNE becomes more apparent. It achieves the highest
overall average score (62.49), outperforming all baselines on
most tasks. Notably, it exhibits clear gains over both EEMoE
and Wanda on BoolQ, RTE, and ARC-e. Although its score
on HellaSwag is slightly lower than EEMoE, the overall per-
formance remains robust and stable.

In summary, C-GNN-PRUNE consistently demonstrates
competitive or superior task-level performance across prun-
ing settings. Despite minor performance drops on specific
benchmarks, it achieves the highest average scores under
both 25% and 50% pruning rates. These results confirm the
robustness and generalizability of C-GNN-PRUNE on large-
scale MoE architectures.

Ablation Studies
We perform a series of ablation studies to assess the con-
tribution of key components in the C-GNN-PRUNE frame-
work. All experiments are conducted under a fixed prun-
ing rate of 20%, with consistent training configurations.
Two representative MoE models are used: Qwen1.5-MoE-
A2.7B and Mixtral 8×7B. This setup ensures broad valida-
tion across different MoE architectures.

Impact of Graph Construction Weight ω We first exam-
ine the effect of the graph construction parameter ω, which
balances expert output similarity and routing divergence in
edge computation. Table 3 shows that ω = 0.3 achieves
the highest performance on most benchmarks, indicating
that combining both signals yields more informative expert
graphs. In contrast, using either signal alone results in no-
ticeable performance drops. This validates the design of a
dual-factor graph that captures both functional and routing-
level behaviors.

ω ARC-e BoolQ Hella OBQA RTE Wino
0.0 78.87 83.36 58.93 34.40 66.79 73.64
0.1 76.35 84.46 58.93 32.40 68.59 73.09
0.2 77.44 84.19 59.02 31.80 64.26 72.38
0.3 80.47 84.49 61.19 32.60 69.31 74.74
0.4 77.69 84.68 59.26 32.60 63.90 73.32
0.5 77.86 82.75 59.06 33.00 64.62 72.85
0.6 80.35 84.28 61.14 31.80 68.23 74.35
0.7 80.13 83.09 61.18 32.60 66.79 73.72
0.8 79.97 83.27 61.10 32.20 69.31 72.06
0.9 78.07 83.52 59.39 32.80 62.45 72.85
1.0 77.95 76.26 59.29 31.80 65.34 73.64

Table 3: Ablation study on graph construction weight ω,
conducted on the Mixtral 8×7B model across six bench-
marks. ω = 0.0 and ω = 1.0 use only output similarity
or routing divergence, respectively.

Effectiveness of GNN-Based Embeddings and Entropy-
Guided Allocation To evaluate the contribution of key
design components in our pruning framework, we perform
ablation experiments on Qwen1.5-MoE-A2.7B using the
MMLU dataset. Specifically, we assess (1) the GNN-based
structure-aware embedding module and (2) the entropy-
guided layer-wise pruning allocation. Each ablation removes
one component while keeping the rest of the framework in-
tact. The domain-wise results are summarized in Table 4.

Method Computer Science Math Business
w/o GNN 44.99 34.59 42.18
w/o Allocation 45.49 34.68 43.29
Ours 50.50 35.68 45.69

Table 4: Ablation study on Qwen1.5-MoE-A2.7B for
MMLU. Results compare the full model with variants ex-
cluding the GNN encoder or entropy-guided expert alloca-
tion.

Impact of Structure-Aware Embeddings. In the GNN-
free variant, we remove the graph autoencoder and directly
perform community detection on the initial expert similar-
ity graph. As shown in Table 4, this leads to consistent ac-
curacy degradation across all MMLU domains. The average
score drops from 43.96 to 40.59, with Computer Science and
Business experiencing the largest declines. This highlights
the importance of capturing higher-order structural depen-
dencies among experts, especially for tasks with complex
activation patterns.

Qualitative evidence further supports this finding. Fig-
ure 2 compares raw expert activations with the GNN-learned
embeddings. The latter form clearer, more discriminative
clusters.

Impact of Entropy-Guided Allocation. We further inves-
tigate the effect of adaptive layer-wise pruning allocation. In
the ablated variant, we apply a fixed pruning ratio uniformly
across all MoE layers, without considering sensitivity. As
shown in Table 4, this results in a noticeable drop in per-
formance, especially in the CS and Business domains. The
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(a) Original Expert Graph (b) GNN Expert Embeddings

Figure 2: Expert embeddings before and after GNN model-
ing. (a) Raw activation. (b) GNN-learned embeddings.

comparison confirms that uniform allocation fails to pre-
serve critical capacity in sensitive layers.

To interpret this behavior, we analyze layer-wise entropy
scores S(l) and the corresponding assigned pruning rates τl
in the full model. As shown in Figure 3, layers with higher
entropy, which reflects greater activation diversity and task
importance, are pruned more conservatively. This allocation
ensures structural preservation where needed, while still re-
ducing redundancy in less critical layers.

Effect of Clustering Strategy in Expert Partitioning To
assess the impact of the clustering strategy used in expert
partitioning, we conduct ablation experiments on the Mixtral
8×7B model using six representative evaluation datasets:
ARC-e, BoolQ, HellaSwag, OBQA, RTE, and WinoGrande.
The goal is to evaluate how different clustering algorithms
affect pruning performance under a unified expert similarity
graph.

Specifically, we replace the Girvan-Newman algorithm
in our method with standard unsupervised clustering tech-
niques, including KMeans, Spectral Clustering, and Ag-
glomerative Clustering. All methods operate on the same
similarity graph, constructed using structure-aware embed-
dings and co-activation statistics.

Results are presented in Table 5. Our method achieves the
highest accuracy on four of the six datasets: ARC-e (80.47),

0 3 6 9 12 15 18 21
Layer Index

0.60

0.65

0.70

Sensitivity S(l)

0.16

0.18

0.20

0.22

0.24
Pruning Rate τl

Figure 3: Layer sensitivity scores S(l) and allocated pruning
rates τl in Qwen1.5-MoE-A2.7B.

Dataset Ours KMeans Spectral Agglomerative
ARC-e 80.47 76.94 79.50 78.87
BoolQ 84.49 80.52 84.62 85.50
Hella 61.19 59.01 59.03 59.08

OBQA 32.60 31.40 31.80 30.80
RTE 69.31 64.98 64.26 67.15
Wino 74.74 75.06 73.88 74.51

Table 5: Performance comparison of different clustering
methods under a unified expert partitioning framework on
Mixtral 8×7B. All methods operate on the same structure-
aware similarity graph.

(a) Pre-pruning (b) Post-pruning

Figure 4: Expert graph before (a) and after (b) merging.
Pruned experts are shown in gray.

HellaSwag (61.19), OBQA (32.60), and RTE (69.31). Com-
pared to KMeans and Spectral Clustering, it shows consis-
tent improvements with margins up to +4.33 points. While
Agglomerative Clustering slightly outperforms our method
on BoolQ and WinoGrande, the gains are limited and not
consistent across benchmarks. These results highlight the
advantage of using community detection based on edge be-
tweenness in expert partitioning.

To qualitatively illustrate the effect of our clustering strat-
egy, Figure 4 presents the expert similarity graph before
and after applying our community-based merging method.
The visualization highlights the formation of modular ex-
pert groups, with pruned experts marked in gray. This struc-
ture reflects the ability of our method to expose redundant
experts while preserving diversity across clusters, thereby
supporting more effective and structured pruning.

Conclusion
In this paper, we propose C-GNN-PRUNE, a unified graph-
based framework for structure-aware pruning of Mixture-
of-Experts models. By constructing an expert interaction
graph and leveraging a Graph Neural Network (GNN), our
method learns embeddings that capture both functional simi-
larity and routing behavior. We further introduce an entropy-
guided strategy for adaptive pruning budget allocation and
apply community detection to identify redundant expert
clusters for structured pruning. Experiments on multiple
open-source MoE models demonstrate the robustness and
effectiveness of our approach across various pruning ratios.
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