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Abstract

Over-smoothing remains a fundamental challenge in deep
Graph Neural Networks (GNNs), where repeated message
passing causes node representations to become indistinguish-
able. While existing solutions, such as residual connections
and skip layers, alleviate this issue to some extent, they fail
to explicitly model how node representations evolve in a
node-specific and progressive manner across layers. More-
over, these methods do not take global information into ac-
count, which is also crucial for mitigating the over-smoothing
problem. To address the aforementioned issues, in this work,
we propose a Dual Mamba-enhanced Graph Convolutional
Network (DMbaGCN), which is a novel framework that in-
tegrates Mamba into GNNs to address over-smoothing from
both local and global perspectives. DMbaGCN consists of
two modules: the Local State-Evolution Mamba (LSEMba)
for local neighborhood aggregation and utilizing Mamba’s
selective state space modeling to capture node-specific rep-
resentation dynamics across layers, and the Global Context-
Aware Mamba (GCAMba) that leverages Mamba’s global
attention capabilities to incorporate global context for each
node. By combining these components, DMbaGCN enhances
node discriminability in deep GNNss, thereby mitigating over-
smoothing. Extensive experiments on multiple benchmarks
demonstrate the effectiveness and efficiency of our method.

Code — https://github.com/hexin5515/DMbaGCN
Datasets — https://github.com/hexin5515/DMbaGCN
Extended version — https://arxiv.org/abs/2511.06756

Introduction

Graph Neural Networks (GNNs) have become a dominant
framework for learning on graph-structured data, achieving
impressive performance across domains such as social net-
works (Yang et al. 2024), recommendation systems (Khan
et al. 2025), molecular property prediction (Sypetkowski
et al. 2024), and knowledge graph reasoning (Wang et al.
2023). A key strength of most GNNs lies in the message-
passing paradigm (Miao et al. 2024; Wang et al. 2025c¢),
where each node updates its representation by aggregat-
ing information from its neighbors. While message pass-
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Figure 1: Comparison between GCN and Mamba (top), and
comparison between Transformer and Mamba (bottom).

ing enables GNNs to aggregate local information effec-
tively, it lacks an explicit mechanism for modeling how node
representations evolve across layers in a progressive and
node-specific manner. This is a key factor behind the over-
smoothing (Roth and Liebig 2024) phenomenon in GNNs.

To tackle this problem, we seek a mechanism that can
explicitly model how each node’s representation evolves
with GNN depth, capturing both its layer-wise progression
and node-specific dynamics. Inspired by recent advances
in state space modeling, we consider Mamba, which cap-
tures long-range dependencies through input-dependent re-
currence and has shown success in NLP (Waleffe et al.
2024) and CV (Wang et al. 2025a) tasks. Unlike standard
GNNss (Velickovi¢ 2023; Yang et al. 2025a), Mamba inher-
ently supports selective, position-aware modeling of sequen-
tial inputs, making it well-suited to guide how node fea-
tures change layer by layer. As illustrated in Figure 1(a), this
property allows Mamba to adaptively shape each node’s rep-
resentation trajectory, thereby mitigating over-smoothing.
This motivates an important question: How can we apply
Mamba to deep GNNs for effectively modeling the layer-
wise evolution of node representations?



Even though Mamba effectively captures the layer-wise
evolution of node representations, its modeling remains con-
fined to local receptive fields and lacks access to global
context (Fu et al. 2025). Existing solutions often rely on
Transformer-based models (Hatamizadeh and Kautz 2025;
Wang et al. 2025b) to introduce global attention as they
allow nodes to aggregate long-range information directly.
However, recent studies (Ali, Zimerman, and Wolf 2024,
Gao et al. 2024) have demonstrated that Mamba can em-
ulate global attention mechanisms similar to those used in
Transformers. More importantly, as shown in Figure 1(b),
Mamba achieves this global modeling capability with sig-
nificantly lower time complexity compared to Transform-
ers. This motivates another important question: How can we
leverage Mamba’s global modeling capability to efficiently
inject global context into deep GNNs?

To address the above issues, we propose a Dual Mamba-
enhanced Graph Convolutional Network (DMbaGCN),
which introduces two key modules: the Local State-
Evolution Mamba (LSEMba) and the Global Context-
Aware Mamba (GCAMba). LSEMba integrates multi-hop
message passing with Mamba’s selective state space mech-
anism to track how node representations evolve across lay-
ers, while preserving local neighborhood information. This
enables LSEMba to capture node-specific representation
changes, mitigating over-smoothing as depth increases.

On the other hand, GCAMba introduces a bidirectional
Mamba model to capture global dependencies across the
graph efficiently. Unlike standard GNNs that primarily focus
on local neighborhood aggregation, GCAMba uses a bidi-
rectional approach to ensure that each node can aggregate in-
formation from all other nodes, providing richer global con-
text. This enables GCAMba to efficiently capture global de-
pendencies without the high computational cost of attention-
based methods like Transformers.

By combining LSEMba and GCAMba, DMbaGCN offers
a unified solution that effectively handles both node-specific
evolution and global context aggregation. The two modules
work together to provide both localized and global informa-
tion to each node, ensuring that node representations evolve
progressively and capturing long-range global dependencies
efficiently for mitigating over-smoothing in GNNs.

The contributions of this work are summarized as follows:

* We propose DMbaGCN, a novel framework that inte-
grates Mamba with GNNs to tackle the over-smoothing
problem from both local and global perspectives.

To address the challenge of modeling the layer-wise evo-
Iution of node representations, DMbaGCN introduces
a Local State-Evolution Mamba (LSEMba), which se-
quentially captures neighborhood information and mod-
els node representation evolution.

For capturing global dependencies efficiently, DM-
baGCN incorporates the Global Context-Aware Mamba
(GCAMDa), which leverages global attention mechanism
with linear computational complexity.

Extensive experiments on multiple benchmark datasets
demonstrate that DMbaGCN achieves competitive per-
formance and improves computational efficiency.
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Related Work

Over-smoothing in GNNs

Over-smoothing occurs when repeated message passing
makes node representations indistinguishable (Li, Han, and
Wu 2018), leading to performance drops in tasks requir-
ing fine-grained distinction (Liu et al. 2024). Prior works
address this by decoupling propagation and transforma-
tion (Chen et al. 2020), limiting neighborhood ranges (Wu
et al. 2023; Shen et al. 2024b), or randomly dropping
edges (Chen et al. 2025). Attention-based methods also help
by focusing on important neighbors (Velickovié et al. 2017).

Graph Transformer

Graph Transformers have gained increasing attention for
their ability to capture long-range dependencies through
global attention mechanisms (Choi et al. 2024). Unlike tradi-
tional GNNs (Wang et al. 2024b; Shen et al. 2025b) that rely
on local message passing (Shen et al. 2025a), Graph Trans-
formers compute pairwise interactions between all nodes,
making them well-suited for tasks requiring global con-
text. This global view also helps alleviate over-smoothing,
as each node can attend to distant yet relevant nodes with-
out relying on deep propagation (Lin et al. 2024). Recent
works further improve efficiency by introducing sparse at-
tention patterns or structural encoding to adapt Transformers
to graph data (Chen et al. 2024b; Fu et al. 2024).

Graph Mamba

Mamba (Han et al. 2024; Patro and Agneeswaran 2024) was
originally designed for sequence modeling, offering both se-
lective information filtering and efficient global dependency
modeling through a linear-time recurrence mechanism. Al-
though its application to graph learning is still emerg-
ing, recent works have explored combining Mamba with
GCNs to enhance long-range interaction modeling (Behrouz
and Hashemi 2024; Ding et al. 2024) and track over-
smoothing (He et al. 2025). However, these works primarily
leverage Mamba’s ability to model dependencies in long se-
quences with selective state space. In this work, we propose
a unified framework that integrates Mamba into the GNNss,
leveraging its selective filtering to preserve node-level dis-
tinction and its global modeling capacity to enhance repre-
sentation expressiveness in deep networks.

Preliminary
Problem Statement

Given an undirected graph G = (V, £) with N nodes and M
edges, the adjacency matrix A € RY*¥ is defined such that
A;; = 1if there is an edge between node v; and node v;,
and A;; = 0 otherwise. Let X € RY *d represent the node
feature matrix, where each node v; has a corresponding d-
dimensional feature vector.

In node classification tasks, the goal is to predict node la-
bels based on their features and the graph structure. Even
as the network depth increases (which can lead to over-
smoothing, where node representations converge and be-
come indistinguishable), the model’s prediction accuracy
should not be affected.
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Figure 2: The Framework of DMbaGCN. LSEMba models the evolution of node representations across GNN layers using
Mamba’s selective state space modeling. GCAMba aggregates global information for each node through bidirectional Mamba.

General Graph Mamba

Graph Mamba Networks (GMNs) (Song et al. 2024; Wang
et al. 2024a) models the sequence of nodes in a graph iter-
atively, where each node’s representation evolves not only
based on its features but also the representations of all pre-
ceding nodes in the graph. This iterative process allows
GMN s to capture long-range dependencies across the graph,
while maintaining linear time complexity. At each iteration,
the representation of node is updated by considering all pre-
ceding nodes in the sequence, which can be formulated as:

hi = Ph; + Qxq, ey
y: = Rhy, (@)

where h, € RV represents the hidden state of the node,
x; € RY is the input node representations, and P € RNV*N
Q € RY, R € RY are parameters generated by small neural
networks that depend on the node-specific initial representa-
tions. This means that each position generates its transition
parameters, endowing Mamba with an input-dependent at-
tention mechanism while still keeping linear computational
complexity. To enable efficient training, the continuous-time
model is discretized to improve computational efficiency:

P = exp(A - P), 3)
Q=(AP) " (exp(A-P)-1)-AQ, (4
where A is a learned discretization step size. This results in
a discrete-time update rule:
h; = Ph;_; + Qxq,
y: = Rhy.

&)
(6)
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The above selective state space model is equivalent to a
convolution operation (Dao and Gu 2024), where the kernel
K = (RQ,RPQ,...,RP*1Q) is computed efficiently
in O(N). This contrasts with the global attention mecha-
nism in Graph Transformers, which attends to all nodes at
once, causing quadratic complexity O(NN?2). In this work, we
leverage Mamba’s selective state space modeling and global
attention mechanism to enhance node discriminability, al-
lowing the model to learn from both local and global con-
text, thereby significantly reducing over-smoothing.

DMbaGCN

The framework of DMbaGCN, shown in Figure 2, inte-
grates two key modules: LSEMba (Local State-Evolution
Mamba) and GCAMba (Global Context-Aware Mamba).
These Mamba-based modules are specifically designed to
handle both the progressive evolution of node representa-
tions and efficient aggregation of global dependencies. The
following sections detail each module’s role.

Local State-Evolution Mamba (LSEMba)

LSEMba integrates two key components: local neighbor-
hood aggregation and adaptive representation evolution.
First, it aggregates information from a node’s local neigh-
borhood through stacked graph convolution layers, captur-
ing high-order neighborhood features. Then, it models the
progressive evolution of node representations across layers
using Mamba’s selective state space modeling, which en-
ables each node’s representation to adapt layer by layer.



This combined approach allows LSEMba to maintain node-
specific dynamics while preserving local features, effec-
tively addressing the over-smoothing problem in GNNs.

The above process begins with neighborhood aggrega-
tion (Yang et al. 2025¢c,b; Huang et al. 2025), where each
node gathers multi-hop information from its local neighbor-
hood. This multi-scale local context then serves as the input
for the representation evolution process, allowing LSEMba
to track and adapt node representations across layers, en-
suring node discriminability as depth increases. The node
representation at depth [ is computed as:

XD =P 2AD 2X(D), 7)

where D is the diagonal degree matrix, and A is the adja-
cency matrix. X~ and X® refer to the node representa-
tions after aggregating information from the (! — 1)-hop and
l-hop neighborhoods, respectively.

These node representations across layers are then ordered
by ascending depth to form a sequence. For node v;, the se-
quence of its representations is:

S, = [X,EO)7XZ(1), ...,XEL)L (8)

where S; is the sequence of node representations for node
®

v;, X; ~ is the representation of node v; at layer [, with [
ranging from O to L. L is the total number of layers in the
GNNS . These sequences are then modeled by Mamba using
its selective state space mechanism, which recursively mod-
els how each node’s representation adaptive evolves across
layers while preserving node-specific features.

To model the adaptive evolution of node representations
across layers, LSEMba utilizes Mamba’s state space mech-
anism. The first step involves initializing the Mamba param-
eters QF, RF, and learnable step size A¥ based on the se-
quence of node representations S, which is formulated as:

QF:f91(s)’RF:f92(S)aAF:f93(s)7 ©)

where 61, 65 and 03 are learnable parameters. These param-
eters govern the selective state evolution and control how
node features change layer by layer.

Next, the initialized parameters P¥ and QF undergo dis-
cretization to enable efficient training and optimization :

PF = exp(AFPF), (10)
QF = (ATPF) !(exp(AFPY) —1)- A¥QF, (1D

where PF and QF represent the discretized parameters. This
discretization enables efficient computation during training,
ensuring that LSEMba can model long-range dependencies
and adaptively track node evolution across layers without
sacrificing computational efficiency.

To integrate multi-hop neighborhood information and
generate expressive node representations for downstream
tasks, we iterate through the sequence of neighborhood in-
formation for each node. This process starts from shallow
layers and progresses to deeper layers, using the initialized
model parameters. The parameter Pf controls the retention
of low-order neighborhood information at each step, QF de-
termines the amount of corresponding-order neighborhood

21675

information injected into the node features, and RF gen-
erates the output representation for downstream tasks. The
iterative process is formulated as:
h{ =P{h, + Q7 -x1, (12)
yii =Ry by, (13)
where x; is the node representation that includes the ¢-hop
neighborhood information, hf is the hidden state after inte-
grating the ¢-hop neighborhood information, and y¥, is the
output representation for node v;. 7
LSEMba effectively integrates multi-hop neighborhood
information and adapts node representations through local
aggregation. While it successfully mitigates over-smoothing
by preserving node-specific feature evolution, it is limited in
its ability to capture global dependencies across the graph.
This focus on local context restricts its capacity to main-
tain distinct node features, which are essential for tackling
over-smoothing in deeper GNNs. To address this gap, we
introduce the Global Context-Aware Mamba (GCAMba).

Global Context-Aware Mamba (GCAMba)

GCAMba addresses the limitations of local aggregation by
enabling the model to capture global dependencies across
the entire graph. By adopting a bidirectional Mamba model,
GCAMba allows information to flow in both directions
through the node sequence. This bidirectional approach en-
sures that each node aggregates global context, enriching its
representation with long-range dependencies. As a result,
GCAMba provides a more complete and expressive node
representation, complementing LSEMba by overcoming the
constraints of local neighborhood aggregation.

To capture global dependencies across the entire graph,
GCAMba processes the node sequence, which is constructed
by concatenating the initial representations of all nodes.
Specifically, the sequence is defined as:

(0) _.(0)

F=I[x; ,X5 , " ,X

V1, (14)

where F is the input sequence, constructed by concatenating
the initial representations of all nodes. XEO) denotes the orig-
inal representation of node v;, and N is the number of nodes
in the graph. We initialize the Mamba parameters P&, QG,
RS, and AG in GCAMba using the same strategy as in
LSEMba, and omit the detailed formulation here for brevity.

To enhance node discriminability, GCAMba iteratively
processes the node representation sequence. This iterative
process is formulated as follows:

h¢ = QFx{"” h§ = PFQEx\” + QFxY”,  (15)
yf =RFQFx" y§ = REPFQFx" + RFQS X((Qi)é)

continuing this process, the general form of the iterative pro-
cess can be expressed as follows:
¢

he =Y, PHQEx", a7
j=1
t
5 ~ 0
ye =RY Z(HZ:J‘HP/CG)Q?X; ), (18)
j=1



where h& represents the hidden state at step ¢, aggregating
information from all previous nodes in the sequence. x jo

denotes the initial representation of node v;. y$ is the rep-
resentation of node v, after aggregating global context infor-
mation across all previous nodes in the sequence.

Unidirectional Mamba only captures dependencies be-
tween the current node and its preceding nodes, which limits
its ability to model global relationships that involve future
nodes in the sequence. To address this limitation, GCAMba
uses a bidirectional Mamba model, allowing information
to flow in both directions through the node sequence. This
enables each node to aggregate global context from all
other nodes in the graph, resulting in more comprehensive
node representations that enhance node discriminability. The
modeling process is defined as follows:

Y = (1-B)(f,(F) + Re(f,(Re(F)))) + X, (19)

where ¢ is learnable parameters of the Mamba model f(-)
in GCAMba, constructed similarly to those in the LSEMba.
Re(+) denotes the operation that reverses the input sequence.

F is the initial representation matrix for all nodes, and YG
represents the final output after aggregating complete global
context from both directions. The hyperparameter 5 denotes
the hyperparameter for the residual connection.

Finally, DMbaGCN adopts a simple yet effective strat-
egy to integrate the node representations from LSEMba and
GCAMba, producing the final node representations Z used
for downstream tasks, which is formulated as follows:

Z=aYf +(1-a)YS, (20)
where Y¥ denotes the output from LSEMba, which captures
the layer-wise evolution of node representations based on lo-
cal neighborhoods. Y S denotes the output from GCAMba,
encoding comprehensive global contextual information for
each node. « is a hyperparameter that controls the contri-
bution of each component. These two representations en-
hance the discriminability of node representations from both
local and global perspectives, jointly alleviating the over-
smoothing problem in GNNs. The detailed implementation
of DMbaGCN is shown in Algorithm 1.

Algorithm 1: DMbaGCN

Input: Adjacency matrix A € RY*¥ | feature matrix
X € RV*4 state matrixs P¥, PG | learnable parameters
0= {913 027 93}3 Y= {501, ¥2, 903}
Output: The updated node representations Z.
while not convergent do
Compute X, X®) ... X via Eq.7;
Compute QF (), RF(G) and AF(G) via Eq.9;
Compute YF via Eq.13 and Eq.14;
Compute Y via Eq.19;
Compute Z via Eq.20;
: Update learnable parameters via back propagation;
8: end while
9: return Final node representations Z.

1:
2
3:
4
5
6
7
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Experiment

To validate the effectiveness and efficiency of DMbaGCN,
we conduct comprehensive experiments on several bench-
mark datasets. aiming to answer three key questions:

* Q1: Does DMbaGCN outperform baseline models across
various datasets?

* Q2: Can DMbaGCN effectively mitigate the over-
smoothing problem in deep GNNs?

* Q3: Is DMbaGCN more efficient than previous global
attention-based models for capturing global information?

Experimental Setting

> Dataset: We evaluate our proposed method on the widely
used benchmark datasets from different domains, includ-
ing two citation graphs (CoraFull, Pubmed) (Shen et al.
2024a), two web graphs (Computers, Photo) (Chen et al.
2024a), and two co-authorship graphs (CS, Physics) (Fu
et al. 2024). These datasets provide a diverse yet consistent
evaluation setting for node classification under fully super-
vised scenarios. For each dataset, we use the publicly avail-
able node features and labels. Following prior work (Fu et al.
2024), we randomly split the nodes into training, validation,
and test sets with a fixed ratio of 60%/20%/20%. All results
are averaged over 10 random splits to ensure robustness. The
detailed of each dataset can be found in the Appendix A.1.
> Baselines: To validate the effectiveness and efficiency of
DMbaGCN, we compare DMbaGCN with several kinds of
GNN models, including classical models GCN (Kipf and
Welling 2016), GAT (Velickovi¢ et al. 2017), and SGC (Wu
et al. 2019), deep GNN models APPNP (Gasteiger, Bo-
jchevski, and Giinnemann 2018), GCNII (Chen et al. 2020),
GPRGNN (Chien et al. 2020), SSGC (Zhu and Koniusz
2021), graph transformer models GT (Dwivedi and Bres-
son 2020), Graphormer (Ying et al. 2021), SAN (Kreuzer
et al. 2021), GraphGPS (Rampasek et al. 2022), Spex-
phormer (Shirzad et al. 2024) and graph mamba model
MbaGCN (He et al. 2025). Additional information of the
baseline models is available in Appendix A.2.

Performance Evaluation (Q1)

We evaluate DMbaGCN on six benchmark datasets against
a broad range of baseline models. As shown in Table 1, it
consistently achieves competitive or superior performance.
We analyze the results from three perspectives:

> Performance against GNNs and Deep GNNs: Com-
pared to shallow GNNs (e.g., GCN, GAT, SGC), which suf-
fer from limited receptive fields, and deep GNNs (e.g., GC-
NII, GPRGNN, SSGC), which rely on static propagation
schemes, DMbaGCN delivers better performance across all
datasets—achieving 97.13% on Physics and 96.00% on CS.
These gains come from the adaptive depth-wise modeling
of LSEMba and the global integration of GCAMba, which
together enhance representational power.

> Performance against Graph Transformer: While
Transformer-based models (e.g., Graphormer, GraphGPS)
capture global dependencies, they incur high time and mem-
ory costs, and often fail on large graphs due to scalabil-
ity issues. In contrast, DMbaGCN maintains strong perfor-



| CoraFull Pubmed | Computers Photo | CS Physics
GCN 70.69 +0.37 87.82+£0.30 | 91.07+0.39 93.77+£0.31 | 93.75+0.26 96.34 £0.21
GNN GAT 7142 +0.15 88.72+£0.17 | 90.94 +0.18 93.81£0.19 | 93.84 +0.11 96.43 £0.12
SGC 70.04 £0.25 87.91+£0.36 | 91.62+0.35 93.61 £043 | 9344 +0.18 96.43+£0.20
APPNP 69.37+0.35 88.94+0.31 | 89.51+£0.31 94.10+£0.35 | 95.65+0.17 97.01 £0.17
Deep GNN GCNII 7223 +0.50 90.15+£0.31 | 84.71£040 92.46+0.70 | 9546 +0.14 97.09 £0.13
P GPRGNN 71.16 £0.50 89.64+0.40 | 91.80+0.35 9497 +0.12 | 9549+0.19 97.05+0.13
SSGC 70.51£0.25 88.39+0.41 | 91.98+0.36 9428 +0.33 | 93.99+£0.23 96.60+0.15
GT 61.05+038 88.79+£0.12 | 91.18 £ 0.17 94.74 £0.13 | 94.64 +£0.13 97.05 £0.05
Graph Graphormer OOM OOM OOM 92.74 £0.14 | 94.64 £ 0.13 OOM
Transfoli'mer SAN 59.01£0.34 88.22+0.15 | 89.93+0.16 94.86+0.10 | 94.51 £0.15 OOM
GraphGPS 5576 £0.23 88.94 +0.16 OOM 95.06 £0.13 | 93.93 £0.15 OOM
Spexphormer 71.84+£0.25 89.87+0.19 | 91.09+£0.08 95.33+£0.49 | 95.00£0.15 96.70 £ 0.05
‘ MbaGCN ‘ 7176 £0.31 89.32+0.24 ‘ 90.39 £0.21 94.41+0.75 ‘ 9533+£0.12 96.64 +0.08
Graph DMbaGCN 71.51+£037 89.67+047 | 91.74+ 034 9444 +£0.30 | 95.32+0.15 96.37+£0.16
Mamba w/o GCAMba
DMbaGCN
w/o LSEMba 62.15+052 88.14+£0.39 | 84.18+047 89.99+0.50 | 93.71 £0.23 95.71 £0.14
‘ DMbaGCN (ours) ‘ 72.26 £ 0.20 90.49 = 0.33 ‘ 9249 +0.37 95.61 +0.18 ‘ 96.00 £ 0.21 97.13 +0.14

Table 1: Summary of classification accuracy (%). The best result for each benchmark is highlighted in bold, and the second-best

result is emphasized with an underline.

mance without such limitations, owing to GCAMba’s use of
Mamba for efficient global modeling with linear complexity.
> Performance against Graph Mamba: Compared to
MbaGCN, which applies Mamba only locally, the dual
Mamba integration strategy of DMbaGCN leads to consis-
tent improvements across multiple datasets, with a notable
+1.17% increase on Pubmed and +1.20% on Photo. These
results confirm the advantage of DMbaGCN’s approach,
which jointly models both node-specific representation evo-
lution and global context.

Layer-Wise Performance Trends (Q2)

To assess whether DMbaGCN effectively alleviates over-
smoothing in deep GNNs, we conduct experiments with
varying layer depths on the Photo and Pubmed datasets (Ta-
ble 2). The experimental results for the other four datasets
(CoraFull, Computer, CS and Physics) can be found in Ap-
pendix B.1. We analyzes the results from two perspectives:
> Performance against GNNs and Deep GNNs: Tra-
ditional GNNs like GCN and SGC suffer severe perfor-
mance degradation as depth increases, due to indiscriminate
neighbor aggregation that leads to over-smoothing. For in-
stance, GCN’s accuracy on Photo drops from 93.77% (2
layers) to 24.03% (32 layers). Deep GNNs such as GC-
NII and SSGC improve stability, but still rely on static
propagation schemes that limit adaptability. For example,
SSGC drops from 94.13% to 93.16%. In contrast, DM-
baGCN remains consistently robust across depths, achiev-
ing 95.46% on Photo and 90.44% on Pubmed at 32 layers.
This strong depth resilience stems from LSEMba’s ability to
model node-specific representation evolution across layers,
and GCAMba’s role in incorporating global context.

> Performance against Graph Mamba: The Graph
Mamba model MbaGCN shows a slight performance drop
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with increasing depth, likely due to optimization challenges
from its complex architecture (e.g., 94.77% to 91.99% on
Photo and 89.23% to 89.14% on Pubmed). In contrast, DM-
baGCN not only adopts a simpler structure but also incor-
porates global context through GCAMBba, resulting in more
stable performance (e.g., 94.59% to 95.61% on Photo and
90.12% to 90.49% on Pubmed) across depths and consis-
tently competitive results under various layer configurations.

Efficiency Analysis (Q3)

We compare the efficiency of GCN, GT, Spexphormer, our
method (DMbaGCN) and its ablation without GCAMba in
four datasets, evaluating memory and time costs. Memory
and time performance are discussed separately.

> Memory Consumption Analysis: As shown in Figure 3
(a), GCN consumes the least memory (103 MB) due to its
simple structure. GT incurs the highest memory cost (10*
MB) as it replaces GAT’s attention with a Transformer. Sp-
expormer reduces memory usage to 10> MB through struc-
tural optimization. Our DMbaGCN achieves similarly low
memory consumption, benefiting from Mamba’s efficient
design. Its ablation variant matches GCN’s memory cost, in-
dicating that GCAMba accounts for most of the overhead.
>> Time Cost Analysis: As shown in Figure 3(b), although
Spexpormer significantly reduces memory usage compared
to GT, its additional sampling strategy leads to a higher time
cost (103 ms). In contrast, GT avoids sampling and main-
tains a simpler design, keeping time consumption at the 102
ms scale. DMbaGCN achieves even better efficiency, stay-
ing within the 102 ms range—lower than Spexpormer and
slightly below GT. This efficiency comes from Mamba’s
linear-time global modeling, which captures global context
without costly attention or sampling. These results highlight



Layers ‘ 2 4 8 16 32 ‘ 2 4 8 16 32
Dataset | Photo | Pubmed
GCN 93.77+0.31 91.39+0.26 85.97+0.71 43.63+0.48 24.03+0.56 | 87.82+0.30 85.76+0.31 84.29+0.29 77.94+398 45.69+3.09
SGC 93.61+0.43 92.07+0.56 89.76+£0.27 86.33+0.54 79.19+£0.90 | 87.91+0.36 85.91+0.30 84.47+0.38 83.46+0.23 82.34+0.33
APPNP 94.05+£0.39 93.95+0.41 94.10+0.35 94.08+0.38 94.07+0.41 | 88.86+0.39 88.94+0.31 88.92+0.43 88.93+0.41 88.94+0.36
GCNII 91.96+0.49 91.46+£0.65 91.93+0.58 92.07£0.92 92.46+0.70 | 89.66+0.34 89.56+0.32 89.19+0.27 88.64+0.27 90.15+0.31
GPRGNN 94.77+0.31 94.90+£0.22 94.97+0.12 94.90+0.11 94.77+0.28 | 89.54+0.30 89.58+0.39 89.61+0.27 89.64+0.40 89.45+0.32
SSGC 94.13+0.35 94.28+0.33 94.03+0.39 93.60+0.37 93.16+0.29 | 88.24+0.29 88.39+0.41 87.22+0.23 87.61+0.25 87.17+0.30
MbaGCN ‘ 94.77+£0.52 93.87+0.31 92.47+0.17 92.23+0.34 91.99+0.34 ‘ 89.23+0.17 89.18+0.42 89.13+0.39 89.16+0.33  89.14+0.45
DMbaGCN 94.42+0.41 94.44+0.30 94.24+0.20 94.28+0.27 94.43+0.29 | 89.65+0.43 89.61+0.37 89.65+0.41 89.43+0.37 89.67+0.47
w/o GCAMba
DMbaGCN
(ours) 94.59+0.33  94.42+0.32 95.35+0.24 95.61+0.18 95.46+0.37 | 90.21+0.34 90.29+0.36  90.49+0.33 90.41+0.33  90.44+0.37

Table 2: Classification accuracy (%) comparison under different layer configurations. The best result across different layer
configurations is highlighted in bold, and the second-best result is emphasized with an underline.

Mamba’s advantage in modeling high-order dependencies
while maintaining overall efficiency.

Ablation Study

To verify the contribution of each module, we include abla-
tion studies in above experiments. Based on the results, we
analyze the contribution of the two modules to DMbaGCN.
> Impact of GCAMba: As shown in Table 1, the ablation
version DMbaGCN w/o GCAMba consistently shows a per-
formance drop across all datasets (e.g., 89.67% to 90.49%
on Pubmed), indicating that the global information cap-
tured by GCAMba contributes to improving the quality of
node representations. This effect becomes even more pro-
nounced in Table 2, where GCAMba enhances performance
at all depth settings, with the improvement being especially
significant in deeper networks (e.g., 94.28% to 95.61% on
Photo under 16 layers). In addition, Figure 3 shows that
DMbaGCN w/o GCAM has memory and time consumption
comparable to GCN. Despite this, GCAMba remains sig-
nificantly more efficient than Transformer-based methods,
highlighting Mamba’s ability to capture global context with
low computational and memory overhead.

> Impact of LSEMba: The ablation version of DMbaGCN
without LSEM (DMbaGCN w/o LSEM) relies solely on
GCAMba to aggregate global information. As shown in Ta-
ble 1, its performance is consistently lower than the full
model across all datasets, indicating that local information is
essential for effective graph representation learning. Without
LSEMba, DMbaGCN struggles to capture multi-hop struc-
ture and track node-specific representation evolution across
layers, which limits its expressiveness. This demonstrates
that relying solely on global context is insufficient. Instead,
the combination of global context with strong local features
is crucial, as it enhances the model’s ability to discriminate
and capture complex node relationships.

Conclusion

This work presents a Dual Mamba-enhanced Graph Convo-
lutional Network (DMbaGCN), which addresses the over-
smoothing issue in deep Graph Neural Networks (GNNs).
Over-smoothing is a significant challenge where node repre-
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Figure 3: Comparison of Time and Memory Consumption.

sentations become indistinguishable due to excessive mes-
sage passing. DMbaGCN tackles this problem by integrat-
ing a selective state-space model named Mamba into the
GNN framework in two distinct ways. First, it uses the Lo-
cal State-Evolution Mamba (LSEMba) to manage the evolu-
tion of node representations. Second, it employs the Global
Context-Aware Mamba (GCAMba) to capture global depen-
dencies. Extensive experiments on various datasets shows
the superiority of DMbaGCN over deep GNN models and
graph transformers, both in terms of classification perfor-
mance and efficiency.
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