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Abstract
Graph Neural Networks (GNNs) have shown great
success in various graph-based learning tasks.
However, it often faces the issue of over-smoothing
as the model depth increases, which causes all
node representations to converge to a single value
and become indistinguishable. This issue stems
from the inherent limitations of GNNs, which
struggle to distinguish the importance of informa-
tion from different neighborhoods. In this pa-
per, we introduce MbaGCN, a novel graph con-
volutional architecture that draws inspiration from
the Mamba paradigm—originally designed for se-
quence modeling. MbaGCN presents a new back-
bone for GNNs, consisting of three key compo-
nents: the Message Aggregation Layer, the Selec-
tive State Space Transition Layer, and the Node
State Prediction Layer. These components work
in tandem to adaptively aggregate neighborhood in-
formation, providing greater flexibility and scal-
ability for deep GNN models. While MbaGCN
may not consistently outperform all existing meth-
ods on each dataset, it provides a foundational
framework that demonstrates the effective inte-
gration of the Mamba paradigm into graph rep-
resentation learning. Through extensive experi-
ments on benchmark datasets, we demonstrate that
MbaGCN paves the way for future advancements
in graph neural network research. Our code is in
https://github.com/hexin5515/MbaGCN.

1 Introduction
In recent years, Graph Neural Networks (GNNs) [Zhang and
Li, 2021] have gained significant attention for their ability
to process graph data, achieving success in node classifica-
tion [Shen et al., 2024b; Shen et al., 2024a], recommendation
systems [Qin et al., 2024], and biology [Shen et al., 2025;
Wang et al., 2024c]. Among these, Graph Convolutional
Networks (GCNs) [Wang et al., 2024b; Wang et al., 2022]
stand out due to their capability to propagate node features
through a graph’s topology and extract knowledge from non-
Euclidean spaces (see Fig.1(a)). By using convolution oper-
ators, GCNs aggregate information from neighboring nodes,

(a) GCN (b) MAMBA

(c) MbaGCN

Message passing

D
ow

ns
tr

ea
m

 t
as

k
D

ow
ns

tr
ea

m
 t

as
k

Selective State Space 

Figure 1: Comparison of GCN, MAMBA, and MbaGCN.

enabling effective learning for tasks such as link prediction
and protein interaction analysis. However, GNNs face a key
limitation: their struggle to effectively differentiate the signif-
icance of information coming from nodes located at different
distances within the graph. This limitation directly leads to
the issue of over-smoothing in GNNs. In other words, node
representations gradually become more similar to each other
as the depth of the network increases, limiting the scalability
and performance of the GNNs.

Mamba [Gu and Dao, 2023; Dao and Gu, 2024], orig-
inally designed for sequence modeling, addresses a funda-
mental challenge in sequence-based tasks — the difficulty of
capturing long-range dependencies. It incorporates a selec-
tive state space mechanism (see Fig.1(b)) that dynamically
and adaptively compresses information from nodes at differ-
ent distances, retaining only the most relevant data for the
downstream tasks. This is crucial for tasks such as language
modeling [Wang et al., 2021; Yuan et al., 2024] or time-series
forecasting [Grazzi et al., 2024; Wang et al., 2025], where the
importance of information diminishes with distance. The key
insight of Mamba’s selective state space mechanism lies in
its ability to differentiate the relevance of information at var-
ious distances [Zhu et al., 2024]. Therefore, Mamba is inher-
ently suited to address the over-smoothing problem in graph
data, where nodes at different hops should contribute vary-
ing levels of importance during aggregation. Instead of uni-
formly aggregating information from all neighboring nodes,
the Mamba-based approach adaptively aggregates based on
each neighborhood’s relevance. This helps retain key fea-
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tures from different-order neighborhoods, mitigating over-
smoothing and improving the GCNs’ ability to capture multi-
hop relationships (see Fig.1(c)).

In this work, we propose a novel architecture that inte-
grates the Mamba paradigm into GNNs, named Mamba-
based Graph Convolutional Network (MbaGCN). Inspired
by Mamba’s selective state space model, MbaGCN aims to
address the limitations of traditional GCNs by adaptively
compressing and propagating node features. Specifically, it
preserves only the most relevant information for downstream
tasks, enabling more effective aggregation and propagation.

MbaGCN consists of three key components: the Mes-
sage Aggregation Layer (MAL), the Selective State Space
Transition Layer (S3TL), and the Node State Predic-
tion Layer (NSPL). The MAL performs a simple message-
passing operation that aggregates neighborhood information,
helping nodes incorporate information from their neighbors.
The S3TL introduces a selective state space mechanism that
identifies and retains the most important neighborhood fea-
tures, condensing the graph’s information into state vectors.
This ensures that relevant node features are preserved, while
redundant or less useful data is discarded. NSPL regulates the
information flow within the same-order neighborhood, ensur-
ing that essential local features are maintained while allow-
ing the model to consider the global context. By alternating
between these layers, MbaGCN balances local and global in-
formation propagation, adapting the information flow to the
graph structure. The combination of MAL, S3TL and NSPL
allows MbaGCN to scale effectively with deeper architec-
tures and complex graph data, offering a promising solution
to the challenges faced by traditional GCNs.

The contributions of this work are summarized as follows:

• We introduce a new approach to integrate the Mamba
paradigm into GNNs, using its selective state space
mechanism to address over-smoothing in graph repre-
sentation learning.

• We propose MbaGCN, a new graph convolutional archi-
tecture that alternates between the MAL and the S3TL
to adaptively retain important information from neigh-
borhoods of different orders, while the NSPL refines the
learned node representations.

• MbaGCN improves information flow through deeper
GNN architectures by selectively retaining important
features from neighborhoods, enabling the model to cap-
ture both local and global graph structures better.

• Our experiments on benchmark datasets demonstrate the
potential of MbaGCN and provide valuable insights for
future research directions in GNN development.

2 Related Wrok
2.1 Over-smoothing on Graph Data
Over-smoothing in graph representation learning arises as
the number of GCN layers increases (repeated application of
Laplacian smoothing) [Li et al., 2018; Zhang et al., 2021;
Rusch et al., 2023]. This leads to the convergence of all
node representations within the same connected component
of the graph to a single value, severely impacting the model’s

performance [Wu et al., 2024; Zhai et al., 2024]. In re-
cent years, researchers have proposed various solutions to
address this issue from different perspectives. For instance,
introducing residual connections between layers preserves
the integrity of node representations [Chen et al., 2020;
Zhu and Koniusz, 2021], employing personalized neighbor-
hood aggregation based on PageRank better captures impor-
tant node features [Chien et al., 2020], and applying reg-
ularization techniques that incorporate both graph structure
and node features mitigates over-smoothing [Yan et al., 2022;
Miao et al., 2024]. These methods collectively enhance the
model’s ability to retain meaningful node information across
deeper layers and effectively mitigate the over-smoothing is-
sue. Recent studies [Lieber et al., 2024; Yang et al., 2024;
Hu et al., 2025] show that Mamba can filter out irrelevant in-
formation from long sequential data, which inspires us to pro-
pose a Mamba-based GCN. This approach adaptively aggre-
gates neighborhood information, mitigating over-smoothing
and improving scalability in deeper models.

2.2 Mamba & Mamba with Graph
Mamba [Gu and Dao, 2023; Dao and Gu, 2024] was origi-
nally designed for sequence modeling that selectively filters
and compresses information to retain only the most relevant
data. Research on Mamba is still in its early stages, but some
works have already focused on using Mamba to process graph
data. Such as using Mamba in series with GCN improves the
prediction of patients’ health status [Tang et al., 2023], com-
bining Mamba and GCN in parallel overcomes GCN’s limi-
tation in capturing long-range dependencies between distant
nodes [Wang et al., 2024a; Behrouz and Hashemi, 2024], and
applying Mamba directly captures long-distance dependen-
cies between nodes in the graph [Ding et al., 2024]. These
methods primarily combine the independent Mamba and
GCN modules in various ways, yet they fail to fully har-
ness Mamba’s capabilities in graph-structured data pro-
cessing. Therefore, in this paper, we propose a Mamba-
based Graph Convolutional Network (MbaGCN) that inte-
grates Mamba into the graph convolution process in a more
cohesive manner, effectively addressing the over-smoothing
problem in graph representation learning.

3 Preliminary and Background
3.1 Mamba
Mamba [Gu and Dao, 2023] is a class of linear time-varying
systems that map an input sequence x(t) ∈ RL to an out-
put sequence y(t) ∈ RL, utilizing a latent state vector
h(t) ∈ RN×L, a state matrix P ∈ RN×N , an input matrix
Q ∈ RN×1, and an output matrix R ∈ R1×N . The rela-
tionship between these components is given by the following
equations1:

h′(t) = Ph(t) +Qx(t),

y(t) = Rh(t).
(1)

1In the graph domain, the matrix A has a special meaning, so we
modify the notation from Mamba: A → P, B → Q, and C → R.
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Figure 2: The Framework of MbaGCN.

Due to the challenges in solving the above equation
within the deep learning paradigm, the discrete space state
model [Gu et al., 2021] introduces additional parameter ∆ to
discretize the aforementioned system, which can be formu-
lated as follows:

h(t) = P̄h(t) + Q̄x(t)

y(t) = Rh(t)
(2)

where
P̄ = exp(∆P)

Q̄ = (∆P)−1(exp(∆P)− I) ·∆Q
(3)

where P̄ and Q̄ are the discrete state matrix and discrete
input matrix, exp(·) refers to the exponential function with
base e. On this foundation, Mamba further introduces a
data-dependent state transition mechanism, which generates
unique P, Q, R, and ∆ based on the input data, thereby
achieving outstanding performance in language modeling. In
this work, we adapt Mamba’s core ideas to construct a novel
graph convolution paradigm that adaptively aggregates in-
formation from nodes across varying neighborhood orders.
This adaptive aggregation helps address the issues of over-
smoothing in deeper graph networks, which is a common
challenge in traditional graph representation learning.

3.2 Problem Statement
Given an undirected graph G = (V, E) with N nodes and
M edges, where V is the set of N nodes and E is the set of
M edges. We define the adjacency matrix as A ∈ RN×N ,
where Aij = 1 if there is an edge between node vi and node
vj , and Aij = 0 otherwise. We also define the node feature
matrix as X ∈ RN×d, which contains a d-dimensional fea-
ture vector for each node. In fully supervised node classifica-
tion tasks, MbaGCN aims to optimize its parameters using the
given training set of labeled samples and their corresponding
ground truth Y ∈ RN×c with the number of classes c, en-
abling the model to achieve better performance than shallow
models even when the depth is increased to aggregate higher-
order neighbors.

4 MbaGCN
The structure of MbaGCN, shown in Fig.2, includes the
Message Aggregation Layer (MAL), Selective State Space

Transition Layers (S3TL), and Node State Prediction Layer
(NSPL). The MAL aggregates neighborhood information us-
ing a basic graph aggregation operation. The S3TL fuses
neighborhood features with node intrinsic features via a spa-
tial state transition equation, condensing them into a state
vector for the next iteration. MbaGCN alternates between
MAL and S3TL, strategically modulating the influence of in-
formation from neighborhoods of varying orders within the
node features. This approach effectively aligns the iterative
Mamba paradigm with unordered graph structures, address-
ing the over-smoothing issue. Additionally, the NSPL is po-
sitioned between the MAL and S3TL, which regulates the
information flow within the same-order neighborhood. This
helps further refine the node feature representation.

4.1 Alternating MAL and S3TL
Graph representation learning [Xu et al., 2021] relies on ef-
fectively aggregating neighborhood information to enhance
node representations. However, traditional methods [Wan
et al., 2021; Li et al., 2021] often face challenges such as
over-smoothing, where node-specific features become indis-
tinguishable as the network deepens. To address this, we
introduce an alternating mechanism between the MAL and
the S3TL. This alternating process refines the aggregation
of neighborhood information, with each layer alternating be-
tween capturing local feature details and adaptively com-
pressing relevant neighborhood information.

Message Aggregation Layers (MAL)
The MAL is the initial stage of MbaGCN, responsible for
capturing local feature information by aggregating neighbor-
ing node features. It serves as the foundation for the feature
refinement process, enabling effective aggregation of node in-
formation from the graph’s local structure. The MAL is com-
puted as follows:

Hl = D̃− 1
2AD̃− 1

2Hl−1, (4)

where D̃ is the diagonal degree matrix, and A is the adja-
cency matrix. Hl−1 and Hl represent the feature matrices of
node after aggregating (l − 1)-hop and l-hop neighborhoods,
respectively. The MAL efficiently aggregates the features of
a node’s neighbors, yet it struggles to scale with deeper net-
works or more complex graph structures. This necessitates
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the introduction of the S3TL, which utilizes the selective state
space model to address this issue.

Selective State Space Transition Layers (S3TL)
Traditional neighborhood aggregation methods [Jin et al.,
2021; Yu et al., 2022] often struggle to capture the full range
of important information, especially when processing nodes
at varying distances. To effectively aggregate information
from diverse neighborhood orders without losing relevant
features, S3TL adaptively combines neighborhood informa-
tion with node-specific features. This process leverages a se-
lective state space transition mechanism that compresses the
aggregated data, retaining only the most pertinent informa-
tion. At the same time, redundant information is discarded,
improving the model’s adaptability to deeper layers and more
complex graph structures.

To effectively handle the diverse structures and features
of nodes, it is crucial that the fusion process in S3TL can
adapt accordingly. To achieve this, we introduce the input-
related approach [Gu and Dao, 2023] for generating the input
matrix Q, output matrix R, and additional parameter matrix
∆, which are essential for the selective state space transition.
These matrices are computed based on the initial feature ma-
trix H0 of the nodes as follows:

Q = H0WQ,R = H0WR,∆ = H0W∆, (5)

where WQ, WR, and W∆ are learnable parameters in the
S3TL. This adaptive matrix generation enables the model to
derive distinct P̄, Q̄, and R for each target node, allowing the
model to adaptively weight the node’s features and its neigh-
borhood information, thus enhancing its adaptability. The
matrices P̄ and Q̄ are discretized as follows:

P̄ = exp(∆P),

Q̄ = (∆P)−1(exp(∆P)− I) ·∆Q,
(6)

where exp(·) refers to the exponential function with base e.
It is worth noting that the state matrix P needs to be initial-

ized in a special way named HiPPO-LegS [Gu et al., 2020],
which can enable P to select useful information for down-
stream tasks. The initialization process is defined as follows:

P[n, k] = −


(2n+ 1)1/2(2k + 1)1/2, if n > k

n+ 1, if n = k

0, if n < k

(7)

where n and k are the indices along the two dimensions of
the state matrix P.

After alternating between the MAL and S3TL, the final
node representation Yl is derived by applying the output ma-
trix R to the aggregated features from the target node’s l-
order neighborhood:

Hl = P̄ ·Hl + Q̄ ·H0,

Yl = R ·Hl,
(8)

where Yl is the representation of the nodes after aggregating
the information from its l-order neighborhood. Hl contains
the compressed information from the (l − 1) hop neighbor-
hood, which is adaptively refined through the discretized state

matrix P̄ and the input matrix Q̄ to better adapt to down-
stream tasks. This process enables the model to adaptively
preserve important information from higher-order neighbor-
hoods, discard redundant data, and retain the intrinsic features
of the nodes. Through this iterative process, the node features
are refined and enriched, leading to more accurate node rep-
resentations.

4.2 Node State Prediction Layer (NSPL)
While the MAL and S3TL effectively refine neighborhood
aggregation, they are limited in distinguishing the signifi-
cance of different nodes within the same neighborhood. This
limitation becomes particularly critical when the model ag-
gregates higher-order neighborhood information, as the num-
ber of nodes to be aggregated grows exponentially with the
model depth, significantly increasing the presence of redun-
dant nodes within the neighborhood. To tackle this, we in-
troduce the Node State Prediction Layer (NSPL). The main
purpose of NSPL is further to regulate the information flow
within the same-order neighborhood, allowing the model to
prioritize the most relevant features and discard less impor-
tant ones. This additional layer helps prevent the loss of key
node-specific characteristics during message passing, ensur-
ing that the model retains high-quality node representations
even as it processes deeper graph layers.

In NSPL, we employ two parameter matrices W1 and W2

to predict the state of the target node while aggregating in-
formation from its neighborhood at various orders. Specif-
ically, the state vectors S1

l and S2
l are derived by applying

the Gumbel-Softmax function to the node representations af-
ter neighborhood aggregation. This function allows for dif-
ferentiable discrete sampling, which is essential for gradient-
based optimization in deep learning. The state vectors S1

l and
S2
l determine which neighborhood nodes contribute to the ag-

gregation process, effectively controlling how much influence
the information from each neighbor should have. The equa-
tions for generating the state vectors are as follows:

S1
l = Gombel− Softmax(Yl−1W1, τ),

S2
l = Gombel− Softmax(Yl−1W2, τ),

(9)

where S1
l and S2

l represent the predicted information flow
when the target node aggregates data from its l-order neigh-
borhood. The Gumbel-Softmax function is used for differen-
tiable discrete sampling, enabling the model to optimize the
information flow using gradient-based methods, even though
the decision itself is discrete. The temperature parameter τ in
the Gumbel-Softmax function controls the sharpness of the
distribution. A lower value of τ results in more discrete out-
puts (closer to a one-hot vector), while a higher value intro-
duce more randomness, promoting exploration during train-
ing. This mechanism allows for more flexible control of the
information flow for each node during aggregation, enabling
its contribution to be dynamically adjusted based on the scope
of neighborhood aggregation.

To effectively manage the information flow between nodes
and improve the model’s adaptability, we introduce a crucial
adjustment step based on the state vectors S1

l and S2
l . These

state vectors are used to modify the adjacency matrix Al dur-
ing subsequent message aggregation, enabling the model to
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control the information flow between different neighborhoods
adaptively. This allows the model to fine-tune which neigh-
bors’ features should be aggregated, ensuring that only the
most relevant information contributes to the node’s updated
representation. The modification of the adjacency matrix is
formulated as follows:

Al[i, j] =

{
1, if A[i, j] = 1 ∧ S1

l,j = 1 ∧ S2
l,i = 1

0, else
(10)

In this formula, Al[i, j] determines whether there is a in-
formation flow between nodes i and j when aggregating the l-
order neighborhood information. The decision is made based
on the state vectors S1

l,j and S2
l,i, which are learned from pre-

vious neighborhood aggregations. By regulating the informa-
tion flow in this manner, the model ensures that only the most
relevant features from each node’s neighborhood are propa-
gated, while irrelevant or redundant features are filtered out.

This dynamic adjustment process empowers the NSPL to
adaptively control the information flow at each layer during
aggregation. As a result, the model becomes more efficient
in propagating meaningful features while avoiding the influ-
ence of noise or less important information. This targeted
aggregation process improves the overall effectiveness of the
graph representation learning, ensuring that each node’s up-
dated representation is both accurate and informative.

4.3 Total Complexity of MbaGCN
The total time complexity of MbaGCN combines the com-
plexities of MAL, S3TL, and NSPL. Since the alternating
stacking of MAL and S3TL forms the core of the model,
and the NSPL is applied after each layer, the total complexity
for each layer is as follows: MAL and S3TL together con-
tribute a time complexity of O(|E|d +Nd2) per layer, while
NSPL adds an additional O(Nd2) per layer. Assuming the
model has L layers, the total time complexity of MbaGCN is
O(L · |E|d+L ·Nd2). In practice, when the number of nodes
and feature dimensions is large, the L · Nd2 term typically
dominates. Thus, the overall complexity remains primarily
influenced by the graph size and feature dimensions across
all layers. For a detailed implementation of MbaGCN, please
refer to Algorithm 1.

5 Experiment
In this section, we conduct a series of experiments to evaluate
MbaGCN’s performance, comparing it with several widely
used GNN architectures. The aim is to assess MbaGCN’s ef-
fectiveness as a new backbone for graph representation learn-
ing, focusing on its ability to address key challenges such as
over-smoothing and adaptability to various graph structures.
All experiments are performed on a system with an Intel(R)
Xeon(R) Gold 5120 CPU and an NVIDIA L40 48G GPU.

5.1 Experimental Settings
Datasets: We evaluate our method on a variety of datasets
across different domains, focusing on full-supervised node
classification tasks. The datasets include three citation graph
datasets (Cora, Citeseer, Pubmed), two web graph datasets
(Computers, Photo), and two heterogeneous graph datasets

Algorithm 1 Mamba-based Graph Convolution Network
Input: Adjacency matrix A ∈ RN×N , feature matrix
X ∈ RN×d, state matrix P, learnable parameters WQ,
WR, W∆, W1, W2.
Output: The updated node representations Y.

1: Compute Q, R and ∆ via Eq.5;
2: while not convergent do
3: for l = 1 → L do
4: Compute Ĥl via Eq.4;
5: Compute Hl and Yl via Eq.8;
6: Compute S1

l and S2
l via Eq.9;

7: Modify the adjacency matrix Al via Eq.10;
8: end for
9: Obtain node representations Y;

10: Update all learnable parameters via back propagation;
11: end while
12: return Updated node representations Y.

(Actor, Wisconsin). For citation and heterogeneous graph
datasets, we use the feature vectors, class labels, and 10 ran-
dom splits as proposed in [Chen et al., 2020]. For the web
graph datasets, the same components are used following the
protocol in [He et al., 2021]. Detailed statistics and descrip-
tions of these datasets can be found in Appendix A.1.
Baselines: To evaluate the effectiveness of MbaGCN, we
compare it with several representative GNN models, includ-
ing classical models like GCN [Kipf and Welling, 2016],
GAT [Veličković et al., 2017], and SGC [Wu et al., 2019],
as well as deep GNN models such as APPNP [Gasteiger et
al., 2018], GCNII [Chen et al., 2020], GPRGNN [Chien et
al., 2020], SSGC [Zhu and Koniusz, 2021], and GGCN [Yan
et al., 2022]. Further details about these baseline models can
be found in Appendix A.2.

5.2 Performance Evaluation of MbaGCN
Q: Does MbaGCN outperform baseline models across
various datasets? Yes, MbaGCN consistently achieves the
highest average rank across all datasets, demonstrating its
overall adaptability and robustness.
▷ Performance across Diverse Datasets: As shown in
Tab.1, MbaGCN consistently outperforms all baseline mod-
els, achieving an average rank of 1.71, and ranks first on
six out of eight datasets. This demonstrates its superior
adaptability across both homophilic and heterophilic graph
structures. On citation graph datasets like Cora, Citeseer,
and Pubmed, MbaGCN achieves competitive results, closely
matching or surpassing the top-performing models. For ex-
ample, on Cora, MbaGCN achieves an accuracy of 87.79%,
just marginally lower than GCNII. This shows its effective-
ness in handling strongly homophilic graphs and datasets
with more complex structures. The model’s strong perfor-
mance can be attributed to its ability to flexibly aggregate
neighborhood information, which allows it to capture lo-
cal and global features while avoiding over-smoothing effec-
tively, a common issue in deeper models.
▷ Superior Performance on Heterophilic Datasets:
MbaGCN excels on heterophilic datasets, where traditional
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Datasets Cora Citeseer Pubmed Computers Photo Actor Wisconsin Avg Rank

GCN 87.04±0.70 (2) 76.24±1.07 (2) 86.97±0.37 (2) 81.62±0.19 (2) 90.03±0.26 (2) 28.44±0.79 (2) 53.75±3.25 (2) 7.86
GAT 87.65±0.24 (2) 76.20±0.27 (2) 87.39±0.11 (2) 82.76±0.75 (2) 90.25±0.92 (2) 29.92±0.23 (2) 55.49±3.14 (2) 6.57
SGC 86.96±0.87 (2) 75.82±1.06 (2) 87.36±0.29 (2) 84.13±0.87 (2) 92.34±0.38 (2) 26.73±1.04 (2) 50.39±2.94 (2) 8.00

APPNP 87.71±0.76 (4) 76.66±1.22 (2) 87.76±0.43 (10) 84.51±0.34 (4) 88.97±0.96 (6) 29.68±0.72 (2) 59.80±1.96 (2) 5.71
GCNII 88.07±0.93 (64) 77.99±1.01 (64) 90.15±0.31 (64) 84.71±0.40 (8) 92.46±0.70 (4) 37.31±0.55 (8) 80.19±6.29 (10) 2.86

GPRGNN 87.75±0.62 (6) 77.08±1.06 (4) 89.36±0.33 (6) 87.43±0.49 (8) 94.36±0.31 (10) 33.87±0.58 (8) 81.02±2.94 (4) 2.71
SSGC 87.40±0.87 (6) 75.80±1.03 (2) 87.67±0.38 (4) 85.95±0.78 (4) 93.39±0.33 (4) 29.15±0.69 (2) 52.75±1.76 (2) 6.43
GGCN 87.73±1.24 (4) 76.63±1.49 (8) 89.08±0.47 (5) 90.36±0.52 (2) 94.23±0.65 (6) 37.54±1.46 (8) 85.88±4.19 (4) 3.14

MbaGCN (ours) 87.79±0.60 (10) 76.68±0.96 (6) 89.32±0.24 (8) 90.39±0.21 (4) 94.41±0.75 (2) 37.97±0.91 (10) 86.27±2.16 (8) 1.71

Table 1: Summary of classification accuracy (%) results. The best result for each benchmark is highlighted with a gray background, and the
second-best result is emphasized with an underline. The layer configurations that achieve the best performance are recorded in brackets.

Figure 3: Performance of baselines and the proposed MbaGCN with 2/4/6/8/10 layers.

GNNs struggle due to adjacent nodes having dissimilar fea-
tures. Standard GNNs often aggregate neighborhood infor-
mation indiscriminately, leading to ineffective learning. In
contrast, MbaGCN utilizes a adaptive aggregation mecha-
nism inspired by Mamba, which adapts the aggregation pro-
cess based on the relevance of the information. This allows
MbaGCN to retain meaningful features and discard irrele-
vant ones, especially in heterophilic graphs. On the Wiscon-
sin dataset, a typical heterophilic graph, MbaGCN achieves
an accuracy of 86.27%, outperforming all other models.
Similarly, on the Actor dataset, MbaGCN achieves 37.97%,
demonstrating its robustness in heterophilic scenarios where
traditional GNNs tend to underperform.
▷ Consistency and Robustness: In addition to excelling
in heterophilic settings, MbaGCN maintains high perfor-
mance across a wide variety of graph structures. While mod-
els like GCNII, GPRGNN, and GGCN perform well on spe-
cific datasets (e.g., GCNII on homophilic graphs), their over-
all rankings are lower compared to MbaGCN, highlighting
the latter’s more consistent and robust performance across
multiple types of datasets. This suggests that the flexibil-
ity and adaptability of the selective aggregation approach in
MbaGCN allow it to handle a broad range of graph complex-
ities and maintain high accuracy.

5.3 Impact of Layer Depth on Performance
Q: How does MbaGCN perform under different layer
depths compared to baseline models? MbaGCN consis-
tently maintains high performance and stability across vary-

ing numbers of layers, demonstrating its robustness in deeper
architectures and its ability to mitigate over-smoothing.

▷ Performance Trends Across Layer Depths: Tab.2 sum-
marizes the classification accuracy (%) of various GNN mod-
els across 2, 4, 6, 8, and 10 layers on the Actor and Wiscon-
sin datasets. The results reveal a clear trend: GCN experi-
ences significant performance degradation beyond 2 layers,
highlighting its susceptibility to over-smoothing. Other deep
GNN methods (e.g., GCNII) show better resilience, but their
performance often peaks with shallow architectures, declin-
ing slightly at deeper depths. For example, APPNP on Ac-
tor and GCNII on Cora demonstrate marginal declines after
4 layers. The experimental results for the other two datasets
(Cora and Citeseer) can be found in Appendix A.3.

▷ MbaGCN ’s Stability at Greater Depths: In con-
trast, MbaGCN maintains consistent and competitive per-
formance across all tested layer depths. Its selective state
space mechanism enables it to prioritize important features
and avoid the indiscriminate propagation of redundant infor-
mation. For instance, on the Wisconsin dataset, MbaGCN
achieves top accuracy even at 10 layers, significantly out-
performing other models that degrade at similar depths. On
homophilic datasets like Cora and Pubmed (see Fig. 3),
MbaGCN achieves accuracy levels comparable to or exceed-
ing the best-performing models, demonstrating its adaptabil-
ity to both homophilic and heterophilic graph structures.
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Layers 2 4 6 8 10 2 4 6 8 10

Dataset Actor Wisconsin

GCN 28.44±0.79 27.18±0.51 26.93±0.55 26.56±0.38 26.55±0.43 53.75±3.25 51.96±2.95 48.63±3.53 48.04±4.12 47.00±4.51
SGC 26.73±1.04 24.98±0.47 24.97±0.71 25.09±0.76 25.19±0.79 50.39±2.94 50.00±4.12 50.20±3.33 49.41±3.53 48.82±3.92

APPNP 29.68±0.72 28.77±0.75 28.38±0.71 28.55±0.82 28.35±0.66 59.80±1.96 59.22±2.36 58.63±2.35 59.41±3.14 57.84±2.75
GCNII 36.31±0.55 36.37±0.76 37.12±0.57 37.31±0.60 36.91±0.51 79.25±2.75 79.67±3.14 79.75±2.55 79.85±2.75 80.19±2.75

GPRGNN 32.62±0.66 32.62±0.97 33.34±0.60 33.87±0.58 33.60±0.58 79.08±3.92 81.02±2.94 78.12±2.95 76.67±2.16 75.10±2.94
SSGC 29.15±0.69 28.51±0.79 28.55±0.72 28.56±0.83 28.64±1.00 52.75±1.76 52.75±2.94 49.61±2.55 50.20±3.33 52.75±2.75
GGCN 37.22±1.29 37.46±1.16 37.50±1.42 37.54±1.46 37.25±1.28 84.51±4.06 85.88±4.19 84.12±4.51 84.31±4.38 84.12±4.76

MbaGCN (ours) 37.47±0.76 37.10±0.70 37.42±0.72 37.65±0.72 37.97±0.91 85.29±2.35 85.88±1.57 85.49±1.96 86.27±2.16 85.49±3.14
MbaGCN w/o NSPL 37.43±0.61 37.32±0.83 37.33±0.92 37.41±0.48 37.31±0.76 85.31±3.37 85.28±2.77 85.32±2.39 85.27±1.68 85.30±2.84

Table 2: Classification accuracy (%) comparison under different layer configurations. The best result under the same layer configuration is
highlighted with a gray background, and the second-best result is emphasized with an underline.

Datasets Citeseer Actor Wisconsin
Best 6 10 8

MbaGCN 76.68±0.96 37.97±0.91 86.27±2.16

MbaGCN w/o HL 75.87±0.73 35.39±2.49 82.55±2.35
Decline 1.06% 6.79% 4.31%

MbaGCN w/o IR 74.35±0.89 34.26±0.68 81.96±1.18
Decline 3.04% 9.77% 5.00%

Table 3: Ablation experiments of HL (HiPPO-LegS), IR (Input-
Related) in proposed selective state space transition layer (S3TL).

5.4 Ablation Study
Q: How do NSPL, HiPPO-LegS (HL), and Input-Related
(IR) contribute to the performance of MbaGCN, partic-
ularly in deeper layers? These components collectively en-
hance MbaGCN ’s adaptability, mitigate over-smoothing, and
preserve feature distinctiveness in deeper layers.
▷ Impact of NSPL on Performance Across Depths:
As shown in Fig.3 and Tab.2, NSPL significantly enhances
MbaGCN ’s ability to maintain performance in deeper archi-
tectures. Without NSPL, MbaGCN performs best at shal-
low depths (e.g., 2 layers) but experiences a sharp decline
as the depth increases. This is due to the model’s inability
to regulate message flow within same-order neighborhoods,
resulting in excessive information propagation or dilution of
higher-order features. In contrast, incorporating NSPL allows
dynamic control of message flow, preserving critical features
and improving feature aggregation. For example, on the Wis-
consin dataset, MbaGCN with NSPL achieves peak perfor-
mance at 8 layers, while the ablated version struggles. How-
ever, on dense datasets like Photo, NSPL’s impact diminishes,
likely due to optimization difficulties in dense graph struc-
tures, highlighting a potential area for future improvement.
▷ Ensuring Robust Feature Propagation with HiPPO-
LegS (HL): HL in Eq.5 plays a pivotal role in maintaining
robust feature propagation across deeper architectures. By
ensuring efficient state transitions, HL minimizes the risk of
feature degradation that often arises in deep GNNs due to
over-smoothing. As shown in Tab.3, removing HL results in
significant performance declines, such as a 6.79% drop on the

Actor dataset and a 2.48% drop on Wisconsin. These declines
highlight HL’s critical role in preserving distinct node repre-
sentations while enabling effective information aggregation
across layers. Furthermore, HL’s impact becomes increas-
ingly pronounced as the network depth grows, showcasing its
ability to adapt state transitions dynamically and mitigate the
compounding effects of over-smoothing.
▷ Dynamic Adaptability Through Input-Related (IR) Ma-
trices: IR in Eq.7 enhances the adaptability of MbaGCN by
generating state matrices that dynamically reflect node- and
neighborhood-specific characteristics. This flexibility allows
MbaGCN to balance the influence of local and global infor-
mation, ensuring that critical features are neither overshad-
owed by higher-order information nor lost in the aggregation
process. As depicted in Tab.3, the absence of IR results in
notable performance degradation, such as a 9.77% accuracy
drop on Actor and a 4.12% drop on Wisconsin. Compared to
HL, IR demonstrates an even greater influence on model per-
formance, particularly in datasets with diverse graph struc-
tures. This highlights IR’s key role in adapting state tran-
sitions to each graph’s structure, ensuring consistent perfor-
mance across different depths and complexities.

6 Conclution
This paper introduces MbaGCN, a novel architecture that
integrates the Mamba paradigm into GNNs, addressing key
challenges such as the loss of node-specific features in deeper
architectures. By alternating between Message Aggregation
Layers (MAL) and Selective State Space Transition Lay-
ers (S3TL), and incorporating the Node State Prediction
Layer (NSPL), MbaGCN enables adaptive aggregation and
propagation of information. Experimental results demon-
strate MbaGCN’s strong performance across diverse datasets,
particularly on heterophilic graphs. Ablation studies high-
light the importance of key components like HiPPO-LegS
(HL) and Input-Related (IR) in improving model adaptability
and mitigating over-smoothing. While promising, MbaGCN
faces challenges in dense graphs, suggesting opportunities for
future work to optimize its components and extend its appli-
cability to dynamic and multi-modal graphs. This study es-
tablishes a foundation for adaptive and scalable GNN archi-
tectures inspired by the Mamba paradigm.
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