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Abstract

Graph Neural Networks (GNNs) have emerged as powerful
tools for learning over graph-structured data, yet recent stud-
ies have shown that their performance gains are beginning to
plateau. In many cases, well-established models such as GCN
and GAT, when appropriately tuned, can match or even ex-
ceed the performance of more complex, state-of-the-art archi-
tectures. This trend highlights a key limitation in the current
landscape: the difficulty of selecting the most suitable model
for a given graph task or dataset. To address this, we pro-
pose Self-Adaptive Graph Mixture of Models (SAGMM), a
modular and practical framework that learns to automatically
select and combine the most appropriate GNN models from a
diverse pool of architectures. Unlike prior mixture-of-experts
approaches that rely on variations of a single base model,
SAGMM leverages architectural diversity and a topology-
aware attention gating mechanism to adaptively assign ex-
perts to each node based on the structure of the input graph.
To improve efficiency, SAGMM includes a pruning mecha-
nism that reduces the number of active experts during training
and inference without compromising performance. We also
explore a training-efficient variant in which expert models are
pretrained and frozen, and only the gating and task-specific
layers are trained. We evaluate SAGMM on 16 benchmark
datasets covering node classification, graph classification, re-
gression, and link prediction tasks, and demonstrate that it
consistently outperforms or matches leading GNN baselines
and prior mixture-based methods, offering a robust and adap-
tive solution for real-world graph learning.

Code — https://github.com/ast-fri/SAGMM

1 Introduction
Graph Neural Network (GNN) architectures have seen sub-
stantial progress since their early formulation in seminal
work on graph-based semi-supervised learning (Kipf and
Welling 2016). Though developments in the neural archi-
tecture have led to an improved performance (on an aver-
age), there is still no consensus on distinct advantage of one
model over others. This is reflected in two important obser-
vations in recent times: (a) the performance of GNN mod-

*Work done while at Fujitsu Research of India, Bangalore. Now
at Microsoft.
Copyright © 2026, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

els have plateaued with no significant performance gain re-
ported with complex architecture. (b) slight tuning of hyper-
parameters of classical GNN models like GCN (Kipf and
Welling 2016), GAT (Veličković et al. 2017), and Graph-
SAGE (Hamilton, Ying, and Leskovec 2017a) have shown
state-of-the-art (SOTA) performance in node classification
tasks, matching or even surpassing latest Graph Transform-
ers (GTs) across diverse datasets (Luo, Shi, and Wu 2024).
This suggests different models tend to learn different (over-
lapping) regions of the representation space, but each falling
short of covering the space to capture diverse patterns and
features of the datasets. Moreover, selecting the right model
for a dataset often involves trial-and-error and computation-
ally expensive hyperparameter tuning, with many models
discarded after underperforming. However, each model may
still capture unique structural patterns or inductive biases
(model assumptions) that, while insufficient alone, could
contribute meaningfully when combined. In machine learn-
ing (ML), ensemble learning approach is a proven method
to pool a set of (weak) models to create a strong model (Li,
Paffenroth, and Berthiaume 2021). In recent years, mixture
of experts (MoE) approach has become the de facto choice
for ensemble learning, though it differs from the classical
approach by the gating (routing) network which is trained
to select expert(s) based on the input context. The MoE
and its variants have been successfully applied to large lan-
guage models (LLMs) to increase model capacity without
proportionate increase in computational cost (Fedus, Zoph,
and Shazeer 2022). In the graph domain, MoE-based ap-
proaches are still in the early stages of exploration but have
demonstrated significant potential. Existing methods such as
GMoE (Wang et al. 2023) typically exhibit limited architec-
tural diversity, often employing variations of a single base
model (e.g., GCNs with MoE layers inserted at intermediate
depths). Furthermore, their gating mechanisms are generally
not designed to capture complex graph topologies, and ex-
pert pruning strategies, if present, are either ad hoc or ineffi-
ciently integrated. These limitations underscore the need for
a more flexible and topology-aware MoE framework tailored
to the unique challenges of graph-structured data.

In this work, we propose Self-Adaptive Graph Mixture
of Models (SAGMM), a modular and practical framework
that learns to automatically select and combine the most ap-
propriate GNN models for each part of the graph. SAGMM

The Fortieth AAAI Conference on Artificial Intelligence (AAAI-26)

24344



leverages a diverse pool of GNN architectures, each serv-
ing as an expert with a fixed view of the data, and employs a
topology-aware sparse attention gate that dynamically routes
input to the most relevant experts. The framework is de-
signed to be trained end-to-end but as a practical varia-
tion, we also explore a training strategy, where experts are
pre-trained independently and only the routing mechanism
and task head are trained, reducing training time. The core
idea of SAGMM is that different GNNs offer complemen-
tary perspectives of the graph, but their architectural rigidity
limits their individual expressiveness. By selectively com-
bining them at the representation level, SAGMM achieves
greater adaptability and structural awareness. This formula-
tion also aligns with the broader model merging paradigm
(Yang et al. 2024), though our merging occurs in representa-
tion space rather than parameter space. The salient features
of the SAGMM are as follows:
1. SAGMM leverages the strength of diverse models such

as GCN, GAT, and GraphSAGE, etc. each contributing
unique inductive biases to capture varied structural prop-
erties.

2. SAGMM incorporates a sparse, topology-aware attention
gating that adaptively selects the most relevant experts
for each node by evaluating attention scores between the
node and the expert models.

3. Pruning of expert pool using importance score which im-
proves efficiency while preserving performance.

4. Pooling pre-trained models that are otherwise discarded
during the model selection phase of standard real-world
pipelines unlocks additional value within the SAGMM
architecture and enables flexible integration of newer
models at minimal cost.

Extensive experiments on node classification, graph
classification, graph regression, and link prediction tasks
demonstrate that SAGMM consistently outperforms GNN
models and prior graph-based MoE frameworks.

2 Background and Related Work
2.1 Preliminaries and Notations
Let G(A,X) be an undirected graph with an adjacency ma-
trix A ∈ {0, 1}n×n and a node feature matrix X ∈ Rn×d,
where n is the number of nodes and d is the feature dimen-
sion, D represents the degree matrix of graph. The batch
size is denoted as b. In a GNN with L layers, let C(l) denote
the convolution matrix and W (l) the learnable parameters at
layer l.

We define a pool of experts e = {e1, e2, . . . , eN0
}, where

N0 is the initial number of experts and N is the number of
experts after pruning, such that N = N0 at the start of train-
ing. For a given node u, let ku denote the subset of experts
it activates. Notably, in conventional models, the expert pool
remains fixed (N = N0).

2.2 Graph Neural Networks
Several GNN architectures based on encoder-decoder
framework (Hamilton, Ying, and Leskovec 2017b) with
encoding performed by message-passing mechanism have

been proposed for graph ML tasks. According to (Balcilar
et al. 2021), the general update rule for the node embeddings
H(l+1) at layer l + 1 is represented by:

H(l+1) = σ

(∑
q

C(l,q)H(l)W (l,q)

)
(1)

where σ(·) is a nonlinear activation function, W (l,q) are
learnable parameters associated with the filter q, and C(l,q)

are model-specific convolution matrices. Different GNNs
define C(l,q) differently. For instance, GCN (Kipf and
Welling 2016) uses a normalized adjacency matrix fixed
across layers, GraphSAGE (Hamilton, Ying, and Leskovec
2017a), referred to as SAGE, employs identity and mean ag-
gregation. GAT (Veličković et al. 2017) introduces attention-
based weighting, while GIN (Xu et al. 2018a) approxi-
mates the Weisfeiler-Lehman (WL) test via learnable ag-
gregation (Ding et al. 2022). JKNet (Xu et al. 2018b) im-
proves depth flexibility by aggregating information from
multiple GNN layers via jump connections. Variants such as
SGC (Wu et al. 2019) eliminate nonlinearities for efficiency,
MixHop (Abu-El-Haija et al. 2019) aggregates multi-hop
neighborhoods, and GraphCNN (Defferrard, Bresson, and
Vandergheynst 2016) applies spectral filtering via Cheby-
shev polynomials.

2.3 Mixture of Experts in Graph Learning
The MoE framework (Jacobs et al. 1991), when first in-
troduced enables routing inputs to specialized models via
a trainable dense gating network. Modern sparse activation
MoE architectures, widely used in large-scale language and
vision models, leverage thousands of experts to enhance
model capacity (Zhang et al. 2025). Methods such as Dyn-
MoE (Guo et al. 2024) introduces top-any gating and prun-
ing strategy to dynamically activate and prunes expert in
LLM domain. While M32 (Wu et al. 2024b) introduces an
attention-based routing mechanism, its quadratic complexity
limits scalability for large graphs. Recent surveys (Cai et al.
2025; Zhang et al. 2025) provide a comprehensive overview
of trends and challenges in MoE models for LLMs.

For graph data, GMoE (Wang et al. 2023) extends MoE to
GNNs, enabling multi-hop information aggregation. Graph-
METRO (Wu et al. 2024a) leverages MoE to tackle distri-
bution shifts in GNNs. TopExpert (Kim et al. 2023) em-
ploys domain-specific linear experts for graph classification
but lacks adaptability to diverse tasks. DA-MoE (Yao et al.
2024) uses GNN layers as experts to address depth sensi-
tivity but does not support dynamic expert selection. Graph-
MoRE (Guo et al. 2025) leverages a Mixture of Riemannian
Experts, where each expert operates on a learned manifold to
capture diverse local structures. Link-MoE (Ma et al. 2024)
relies on pre-trained GNN experts for link prediction, limit-
ing its flexibility for broader applications.

3 Methodology
We now introduce the SAGMM in detail, with the subsec-
tions focusing its key components. Figure 1 illustrates the
SAGMM architecture. Input features are first enhanced with
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Figure 1: The overall illustration of the SAGMM framework. The key components includes the gating network, a pool of
experts, and an adaptive expert pruning. Wi denotes WQi

, WKi
, and WVi

per expert i.

structural context, and expert selection is performed by a
gating network using Simple Global Attention (SGA) (Wu
et al. 2023) and learnable thresholds. The selected expert
outputs are projected into a shared space, weighted by gate
scores, and aggregated, while low-importance experts are
pruned based on an adaptive threshold η. The training phase
of SAGMM in outlined in Algorithm 1.

3.1 Pool of Experts
A distinctive feature of the SAGMM framework lies in its
use of a structurally diverse set of expert models. This choice
is motivated by the aim of maximizing architectural hetero-
geneity, thereby enhancing the expressiveness and represen-
tational capacity of the framework.

Recent surveys (Chen et al. 2020; Ju et al. 2024) catego-
rize GNNs along three key dimensions: propagation strat-
egy (spectral vs. spatial), aggregation mechanism (mean
vs. attention), and training setup (transductive vs. induc-
tive). Guided by these dimensions, we include GNNs like
GCN (Kipf and Welling 2016) for its spectral filtering
and suitability for homophilic graphs, GAT (Veličković
et al. 2017) for attention-based neighbor weighting, and
SAGE (Hamilton, Ying, and Leskovec 2017a) for its induc-
tive capability through neighborhood sampling, along with
additional models in the expert pool. Such heterogeneity en-
ables the router to select experts that align with the structural
and statistical properties of individual instances.

Formally, the embedding update for an expert ei at layer
l + 1 is given by:

H(l+1)
ei = fei(H

(l)
ei , A), (2)

Here fei denotes the message-passing function of expert ei.
This design is also motivated by the bias-variance trade-
off (Yang et al. 2020), where over-parameterized models
can improve generalization by reducing variance. By incor-
porating multiple GNNs, our framework benefits from this

property. Moreover, in line with the No Free Lunch the-
orem (Goldblum et al. 2023) which states that no single
model performs optimally across all tasks, our approach ac-
counts for variations in network topology, homophily, and
heterophily that affects GNN performance. We show empir-
ically that by pooling experts, each with an unique message-
passing mechanism, within MoE framework, our approach
dynamically adapts to diverse graph structures, overcoming
limitations of a single model.

3.2 Gating Network
In this subsection, we introduce Topology-Aware Attention
Gating (TAAG), a novel gating mechanism for graph data.
We begin by highlighting the limitations of existing methods
before presenting our proposed approach.

Limitations of traditional gating mechanism. Several
approaches have been proposed for designing gating net-
works in MoE architectures (Jordan and Jacobs 1994; Clark
et al. 2022; Zhou et al. 2022). A widely adopted sparse gat-
ing strategy is the noisy top-k gating mechanism (Shazeer
et al. 2017), which applies a softmax over the top-k log-
its produced by a linear transformation of the input. To en-
courage expert diversity and prevent load imbalance, this
approach injects learnable Gaussian noise into the logits, a
modification later adapted for graph data in GMoE model.

Despite considerable success of the noisy top-k gating in
improving training and inference efficiency, our analysis re-
veals several key limitations still remain:

1. The model’s performance is highly dependent on the
choice of k, as different datasets exhibit varying optimal
values as shown in Figure 2(a) for GMoE-GCN (Wang
et al. 2023), highlighting the need for extensive hyper-
parameter tuning. Moreover, using a fixed k forces all
nodes to activate the same number of experts, which may
not be needed considering structural and feature charac-
teristics. As shown in Figure 2(b), different nodes acti-
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vate different number of experts as per their requirement,
eventually leading to performance gains.

2. While prior works on gating strategies select multiple ex-
perts, thus implicitly including correlation between them,
it is essential to ensure diversity among them for better
coverage of the representation space.

3. Existing methods often rely on simple linear projections
of node features to compute gating scores, neglecting
structural dependencies within the graph. While DA-
MoE (Yao et al. 2024) and GraphMoRE (Guo et al. 2025)
attempt to overcome this limitation by leveraging GNN-
based gating networks, a fundamental drawback remains:
these approaches are still unable to effectively capture
global graph structural information, which is vital for in-
formed expert selection.

To address these limitations, for each node, TAAG se-
lects experts based on the local and global structural infor-
mation while dynamically adjusting the number of activated
experts to improve efficiency and robustness. We leverage
the SGA block from SGFormer (Wu et al. 2023) to com-
pute attention scores efficiently. While standard attention
mechanisms have a quadratic complexity of O(n2), SGA
operates in linear time O(n) w.r.t. n nodes, making it scal-
able for medium to large-scale graphs. To incorporate global
structural information, we construct the matrix X(g) using
the p smallest eigenvectors of the normalized graph Lapla-
cian L (Eq. (4)), providing positional encodings for each
node (Rampášek et al. 2022). We do not use diffusion-based
methods (Gasteiger, Weißenberger, and Günnemann 2019;
Chamberlain et al. 2021) as they involve expensive prepro-
cessing, assumes homophily and perform poorly in tasks like
link prediction. To further strengthen the structural informa-
tion, we also add local structural features by aggregating 1-
hop and 2-hop (approximate) features (Hamilton, Ying, and
Leskovec 2017a; Wang et al. 2020). The detailed formula-
tions are provided in Eq. (3) and Eq. (4).

X(1) = D−1AX, X(2) = (D−1A)2X. (3)

L = I −D−1/2AD−1/2. (4)
Hence, we define the final input features as:

X′ =
1

3
(X+X(1) +X(2))︸ ︷︷ ︸

Local Term

|| X(g)︸︷︷︸
Global Positioning of Nodes

. (5)

where X ′ ∈ Rn×(d+p). The local term aggregates multi-hop
neighborhood information, while X(g) denotes the global
positional encodings of the nodes of the graph. To compute
gating scores, we first define the Query (Q), Key (K), and
Value (V) representations as follows:

Q = X ′WQ, K = X ′WK , V = X ′WV (6)

where WQ,WK ,WV ∈ R(d+p)×N are learnable projection
matrices for query, key, and value, respectively. We compute
the attention-based gating scores using the Simple Global
Attention (SGA) mechanism (Wu et al. 2023):

Qnorm =
Q

∥Q∥F
, Knorm =

K

∥K∥F
(7)
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Dg = diag
(
1 +

1

N
Qnorm(K

⊤
norm1)

)
. (8)

Z = βD−1
g

(
V +

1

N
Qnorm(K

⊤
normV )

)
+ (1− β)X. (9)

where β is a learnable residual weight controlling the con-
tribution of the original input, and Z is the attention scores
for each node and experts in the pool.

To enforce sparsity in expert selection, we introduce a
learnable gating threshold T ∈ [0, 1], which only activates
experts which exceeds scores above T . It is initialized as
Tinit ∼ {0,U(0, 1)}, where U(0, 1) denotes a uniform dis-
tribution over (0,1). Both Tinit and expert scores Z are trans-
formed via a sigmoid function to ensure values in [0, 1]. A
ReLU-based gating mask is applied for threshold compar-
ison, the final gating scores (G) in Eq. (13) uses a binary
selection mask (M ) allowing only experts above the thresh-
old to contribute.

M = sign(ReLU(Z ′ − T )). (10)

where, T = σ(Tinit), Z ′ = σ(Z) (11)

Since the sign function is non-differentiable, we cus-
tomize the backpropagation by directly passing the gradient
of the binary selection mask to ReLU(Z ′ − T ), effectively
bypassing the sign function. The number of activated experts
(ku) per node u is defined in Eq. (12).

ku = |{j |Mu,j > 0}|. (12)

where Mu,j is value for node u and expert j. For nodes
where no expert is selected (ku = 0), we assign the expert
with the highest attention score to ensure each node is allo-
cated at least one expert: Mu,argmaxj Z′

u,j
= 1.

G = Z ′ ⊙M. (13)

Once experts are selected, the valid experts process the
input (X,A), producing expert outputs Hej for expert ej ,
these outputs are aggregated using the gating scores in Eq
(13). Our ablation study (Section 4.2) shows that the pro-
posed gating mechanism outperforms existing alternatives,
validating its effectiveness.
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Algorithm 1: SAGMM Framework (Training Phase)
Input: Graph (X,A) with labels Y , expert pool e =
{e1, . . . , eN0

}, pruning threshold η, pruning interval t.
Output: Updated expert pool e′, gating weights G.

1: Initialize: ∀ ei ∈ e, I(ei) = 0.
2: Divide (X,A) and Y into mini-batches {(Xb, Ab), Yb}.
3: for each batch

(
Xb, Ab, Yb

)
at epoch q do

4: X ′
b ← (Xb, Ab) Using Eq. (5).

5: Obtain M , ku, G, and via Eqs. (10), (12), (13), .
6: Determine active experts: S ←

⋃
u{ j | Mu,j > 0}.

7: for each expert ej ∈ S do
8: Compute expert output Hej ← ej

(
Xb, Ab

)
.

9: end for
10: Aggregate expert outputs:

Ȳb ←
∑N

j=1 Gj MLP(Hj).
11: Evaluate loss L ← L

(
Yb, Ȳb

)
and update weights for

ej ∈ S.
12: Update expert importance It(ei) via Eq. (14).
13: if (q mod t) == 0 then
14: Prune experts using threshold η:

e← {ei | I(ei) ≥ η}.
15: end if
16: end for
17: return Updated expert pool e′ and gating weights G.

3.3 Adaptive Expert Pruning
For efficient training and optimizing memory utilization, we
also introduce an adaptive expert pruning mechanism that
dynamically evaluates and updates the importance of each
expert in the pool over time. The importance score I(ei) at
pruning interval t for an expert ei is updated based on its
contribution in previous intervals as follows:

It(ei) = (1− α)It−1(ei) + αγ(ei). (14)

Here, γ(ei) represents the contribution score of expert ei ∈
e, computed as:

γ(ei) =

∥∥∥∥∥
n∑

u=1

(Gei,uHei,u,:)

∥∥∥∥∥ . (15)

where Gei,u are gating weights and Hei,u,: represents rep-
resentation of expert ei and node u. Above equation cap-
tures the cumulative weighted contribution of the expert to
the overall model output for the selected batch of data. The
smoothing factor α ∈ [0, 1] controls the balance between
previous importance scores and the current contribution,
thereby preventing the premature removal of experts that
may become useful later in training. The importance scores
for all experts are calculated at every epoch, and experts with
importance scores below the threshold are removed at prune
interval:

e← {ei | I(ei) ≥ η}. (16)

The threshold factor η, which controls the pruning aggres-
siveness, is dynamically adjusted based on validation perfor-
mance. As shown in Figure 3(a), the average ku values differ
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from the final number of experts N post-pruning, highlight-
ing the dynamic and input-dependent nature of expert se-
lection. The TAAG gating mechanism selectively activates
and weighs relevant experts, while the pruning strategy re-
moves persistently underutilized ones. This combination en-
sures that SAGMM maintains both specialization and com-
putational efficiency.

Auxiliary Loss Functions. To ensure balanced expert uti-
lization, we incorporate importance loss and diversity loss
from prior works (Wang et al. 2023; Guo et al. 2024). These
losses prevent over-reliance on specific experts by encour-
aging more even and orthogonal expert activation patterns.

3.4 Pre-trained Models as Experts
One variant of SAGMM we experimented is SAGMM Pre-
trained Experts (SAGMM-PE), where the expert GNNs are
pre-trained independently and kept fixed during the down-
stream task with only the router and task-specific head be-
ing trained. This design reduces computational overhead
and allows efficient reuse of specialized or weak models
that may not perform well individually but contribute valu-
able structural signals when combined. As shown in Ta-
ble 1, SAGMM-PE achieves competitive or superior perfor-
mance on node classification task. Furthermore, the results
in the pre-training ratios table show that comparable accu-
racy is achieved even when the experts and the router are
pre-trained on only 50% to 70% of the training data. This
highlights the data efficiency of our framework and the ro-
bustness of its model-agnostic expert design.

3.5 Theoretical Analysis
We provide a theoretical justification for using expert mix-
tures and pruning in SAGMM by analyzing how sparsely
activating a subset of experts affects model performance.

Consider a simplified setting where (1) The GNN has
a single-layer architecture with an update rule defined in
Eq. 1 for binary node classification. (2) Input features
X = [x1, x2, . . . , xn], where xi ∼ N (0d, σ

2Id×d) with
ku > 2 experts for each node u. (3) The aggregated out-
put at layer 1 for node u is given by η(Yu)

ku
, where Yu =

24348



Model Deezer YelpChi ogbn-
proteins

ogbn-
arxiv

Pokec ogbn-
products

ogbn-
papers100M

GCN 57.70±0.44 85.62±0.26 69.74±3.79 71.74±0.29 76.52±0.54 75.54±0.06 61.42±0.25

GAT 58.59±0.21 85.42±0.26 69.56±3.82 71.42±0.09 78.87±0.60 76.77±0.15 −
SAGE 64.40±0.79 89.23±0.57 73.21±1.88 71.46±0.23 79.82±1.62 78.29±0.11 63.54±0.18

SGC 57.66±0.92 85.59±0.25 68.75±3.55 71.81±0.20 76.81±0.52 75.48±0.14 57.50±0.28

JKNet 64.44±0.45 89.75±0.32 75.67±2.06 71.72±0.19 78.84±0.19 − 62.98±0.26

Graph CNN 63.65±0.60 89.25±0.26 77.54±1.09 72.04±0.19 80.21±0.14 − −
GIN 59.71±1.25 85.52±0.26 54.46±2.63 68.16±0.27 72.53±1.45 − −
MixHop 57.83±1.83 85.74±0.38 73.64±2.34 71.94±0.40 81.24±0.27 − −
GMoE-GCN 61.11±1.19 85.75±0.31 74.48±0.58 71.88±0.32 76.04±0.14 64.18±0.25 60.17±0.20

DA-MoE 62.15±0.46 85.53±0.29 75.22±0.16 71.96±0.16 64.87±5.68 68.77±0.19 53.63±1.68

SAGMM 64.73±0.72 91.06±0.60 78.15±1.38 72.80±0.43 81.76±0.80 82.91±0.53 64.40±0.10

SAGMM-PE 65.51±0.57 91.33±0.26 76.28±1.28 72.08±0.30 80.57±0.95 82.17±0.47 62.54±0.15

Table 1: Node classification results. For the ogbn-proteins dataset, the metric used is ROC-AUC, while testing accuracy is used
for the other datasets. SAGMM-PE: Experts are pretrained and kept frozen, while only the router and task heads are trained. A
dash (–) indicates that the corresponding model is not included in the expert pool.

Model Graph Classification Graph Regression
molbbbp moltox21 moltoxcast molhiv molfreesolv molesol

GCN 68.87±1.51 75.29±0.69 63.54±0.42 76.06±1.75 2.64±0.24 1.11±0.04

GIN 65.50±1.80 74.30±0.50 63.30±1.50 75.40±1.50 2.76±0.35 1.17±0.06

SAGE 63.07±1.83 75.64±0.73 65.69±0.29 75.54±1.28 2.43±0.30 1.05±0.08

GAT 67.82±1.75 74.36±0.70 65.50±0.89 73.40±1.87 2.23±0.11 1.02±0.05

GMoE-GCN 70.04±1.12 75.45±0.58 64.12±0.61 77.35±0.63 2.50±0.19 1.09±0.04

DA-MoE 69.62±0.98 75.59±0.69 65.18±0.48 77.62±1.58 2.19±0.07 1.13±0.04

SAGMM 69.98±0.18 76.58±0.88 66.63±0.53 77.48±1.10 2.15±0.12 0.93±0.03

Table 2: Graph classification and regression results. Metric used is testing ROC-AUC for classification and RMSE for regres-
sion. Best model per column is shown in bold.

∑ku

m=1 Ĥ
(1)
ei,u. Here, Ĥ(1)

ei,u represents the first-order approx-
imation of H(1)

ei,u (Details in Technical Appendix). The func-
tion η(x) is defined as η(x) = exp(1T x)

1+exp(1T x)
. (4) The loss

function L is the numerically stable binary cross-entropy
loss:

Lϵ0(x, yu) = −yu log(x+ ϵ0)− (1− yu) log(1− x+ ϵ0).

Theorem 1 Under the design conditions above, the follow-
ing inequality holds:

Pr

{
Lϵ0

(
η(Yu)

ku

)
≤ a

}
≤ U − f(ku, ϵ0)

U − a
, (17)

where U = − log(ϵ0) and f(ku, ϵ0) = log(2k2u) −
log(2ku(1 + ϵ0)− 1).

This bound reveals that increasing the number of acti-
vated experts ku generally improves the tightness of the
bound, lowering expected error. However, as shown in Fig-
ure 3(b), pruning a small number of low-importance experts
only marginally impacts the bound while substantially re-
ducing computation. This result supports our adaptive prun-
ing mechanism in SAGMM.

4 Experiments
Initial Number of Experts (N0). For our primary task of
node classification, we construct the expert pool by selecting
four and eight widely recognized GNN architectures: GCN,
JKNet, GraphCNN, MixHop, GAT, SGC, GIN, and SAGE,
all of which are established standards for this application
(Hu et al. 2020). In the case of other tasks, the expert pool is
composed of four GNN models. The decision to use either
eight or four experts is guided by the need to balance ar-
chitectural diversity with computational feasibility. Notably,
this choice is consistent with recent findings in the litera-
ture (Yun et al. 2024; He et al. 2025), which indicate that
configuring MoE models with four or eight experts enables
efficient inference and strong model performance.

Baselines. For each of the tasks, we compare against two
types of baselines: 1) existing SOTA graph-based MoE ar-
chitectures: GMoE and DA-MoE, and 2) each of the indi-
vidual expert in the pool.

Settings. We use a common set of hyperparameters across
all methods to ensure consistency. For model-specific set-
tings, we adopt the default configurations provided in the

24349



Model ogbl-ddi ogbl-collab ogbl-ppa
SAGE 53.90±4.74 48.10±0.81 16.55±2.40

GCN 37.07±5.07 44.75±1.07 18.67±1.32

JKNet 60.56±8.69 51.47±0.59 21.58±2.59

SGC 35.00±4.65 48.99±0.60 9.64±1.60

GMoE 37.96±8.20 32.61±2.59 19.25±1.67

DA-MoE 45.58±6.93 47.64±3.77 21.46±2.53

SAGMM 74.20±11.71 52.39±0.40 26.11±1.12

Table 3: Link prediction results. Metric used is HITS@20
for ogbl-ddi, HITS@100 for ogbl-ppa and HITS@50 for
ogbl-collab as per OGB benchmark protocol.

respective original papers. All reported results are averaged
over ten independent runs to ensure a fair comparison.

4.1 Performance Evaluation

We evaluate our framework across three categories of tasks:
node classification, graph-level prediction, and link predic-
tion, using a broad set of benchmark datasets.

Node Classification. We evaluate on seven standard
datasets ranging from small to large-scale, including
four homophilic graphs: ogbn-arxiv, ogbn-proteins, ogbn-
products, and ogbn-papers100M from the OGB bench-
mark (Hu et al. 2020), and three heterophilic graphs: Pokec
(Jure 2014), Deezer (Rozemberczki and Sarkar 2020), and
YelpChi (Mukherjee et al. 2013). As shown in Table 1,
SAGMM outperforms all baselines, achieving notable gains
on medium to large-scale datasets such as a 5.90% improve-
ment on ogbn-products and 1.57% on ogbn-papers100M,
along with consistent accuracy improvements across the re-
maining benchmarks. Our analysis reveals that SAGMM
consistently prunes weaker experts such as GIN across
datasets, demonstrating its ability to adaptively select the
most effective experts.

Graph-Level Prediction. We use six molecular prop-
erty prediction datasets from the OGB benchmark: molhiv,
moltox21, moltoxcast, molbbbp, molesol, and molfreesolv.
As shown in Table 2, SAGMM achieves strong performance,
with notable gains on moltox21, moltoxcast, and molesol.
It incurs minor drops on molhiv and molbbbp, but remains
competitive overall.

Link Prediction. We evaluate SAGMM on three standard
OGB link prediction datasets: ogbl-ppa, ogbl-ddi, and ogbl-
collab. As shown in Table 3, SAGMM achieves substantial
performance improvements, with gains of 22.52% on ogbl-
ddi, 20.90% on ogbl-ppa, and 1.78% on ogbl-collab, outper-
forming all baselines across the board.

Inference Time and Memory Usage. As shown in Table
4, SAGMM maintains competitive inference time and GPU
memory usage compared to existing methods. Additionally,
aggressive expert pruning can further reduce inference cost,
with only a minor trade-off in performance, enabling a con-
trollable balance between efficiency and effectiveness.

Model
ogbn-arxiv ogbl-ddi

Time GPU Mem Time GPU Mem
(ms) (GB) (ms) (GB)

GCN 126 1.74 235 1.50
GMoE 200 3.73 298 1.50
DA-MoE 251 1.90 361 2.15

SAGMM 227 5.89 334 1.95

Table 4: Inference time and GPU memory usage comparison
across models on ogbn-arxiv and ogbl-ddi datasets.

Method ogbn-proteins ogbl-collab
SAGMM 78.15±1.38 52.39±0.40

SAGMM (w/o diverse) 69.89±1.84 40.08±4.73

SAGMM (top-k gating) 67.29±3.94 48.67±0.94

SAGMM (top-any gating) 77.31±2.31 50.42±0.99

SAGMM (w/o pruning) 75.24±1.49 52.44±0.57

Table 5: Results of ablation study. Metrics are ROC-AUC
for ogbn-proteins and HITS@50 for ogbl-collab.

4.2 Ablation Study
We conduct an ablation study to evaluate the contribution
of each component in SAGMM by testing four variants: (i)
using identical GNN architectures for all experts (SAGMM
(w/o diverse)), (ii) replacing our gating module with noisy
Top-k gating (SAGMM (top-k gating)), (iii) using Top-Any
gating (Guo et al. 2024) having dynamic expert selection
(SAGMM (top-any gating)), and (iv) disabling the adap-
tive expert pruning mechanism (SAGMM (w/o pruning)). As
shown in Table 5, the largest drop is observed when expert
diversity is removed, confirming its critical role. Substitut-
ing our gating mechanism with top-k or top-any variants
impairs expert selection quality, while disabling pruning re-
tains performance in the case of ogbl-collab but always leads
to higher memory usage. These results underscore the im-
portance of expert diversity, TAAG gating, and pruning in
SAGMM’s effectiveness.

5 Conclusion
This paper presents SAGMM, a novel framework that em-
ploys multiple GNN models as experts within a MoE
paradigm. It features a topology-aware attention gating
mechanism tailored for graph data and an adaptive pruning
strategy. Extensive experiments demonstrate that SAGMM
consistently outperforms traditional approaches across di-
verse downstream tasks. While SAGMM currently focuses
on GNN-based experts, in principle, it can integrate any
black-box model.

Future work will explore extending SAGMM through ex-
pert distillation, where the knowledge from a diverse pool
of experts and the TAAG gating mechanism is transferred
into a compact, unified student model. Also, SAGMM for
dynamic graphs is another promising direction for further
research.
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